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Abstract
Diversity analysis of B cell receptors – novel tools for repertoire comparisons
Gregory W. Schwartz
The adaptive immune system provides the body the ability to mount a targeted defense
against pathogens. This process depends not on a single cell but rather on the entire “repertoire”
of B cells with specic B cell receptors. B cell receptor diversity is generated in two steps:
rst through V(D)J recombination, where B cells generate an original B cell receptor, and
second during an immune response, cells proliferate, mutate, and die, creating a further level
of somatic diversity. In my thesis I have studied single sequence position diversity of amino
acid usage as well as repertoire wide multiple position motifs. I have used both these scales of
sequence analysis to describe how the selection process targets dierent parts of the B cell
receptor to generate the observed somatic patterns of diversity found in the human B cell
receptor repertoire through high throughput sequencing experiments.
In particular, I have shown that germline B cell receptor and T cell receptor genes show
dierent patterns of diversity and that B cell receptors in particular show very focused patterns
of germline diversity on a background of mostly quite conserved positions (Aim 1, Chapter 2).
I then went on to show that this pattern of B cell receptor germline diversity can be used to
predict the survival of mutations during the somatic diversication processes and the diversity
of amino acids used in these diversication processes (Aim 2, Chapter 3). Finally, I have
created a suite of tools that can be used for whole repertoire comparisons between individuals
and across immune responses (Aim 3, Chapter 4). These include a spectral clustering based
method for identifying amino acidmotifs across repertoires and clones, statistical tools to assess
sampling suciency of clonotypes, and nally a novel metric for assessing the clumpiness of
dierent metadata tags on hierarchical structures, which I used to quantify the relevance of
dierent identied motifs to clone and tissue specic subsets of a given individual immune
repertoire.

1Chapter 1: Introduction
The adaptive immune system is a population-based defense against invading pathogens. This
dissertation attempts to characterize the breadth and diversity of such a system – the quan-
tication of the germline B and T cell repertoire, how the germline repertoire relates to
the somatic repertoire, and how a new set of tools can expose relationships between whole
repertoires at dierent scales, including clones and anatomical compartments. This chap-
ter provides a basic background of the immune repertoire and denes three abstract layers
contributing to the ideas of diversity and adaptation of the system.
The repertoire of B cell receptors is a complex network containing shifting trends and
emergent patterns. So far, the quantication of a single repertoire at dierent scales including
framework and complementarity determining regions, cell lineages, or clones, is lacking. In
this dissertation, I explicitly describe the relationship between the germline and somatic levels
of sequence diversity at the single amino acid level and introduce a new set of tools to nd
multiscalar relationships within and between repertoires.
1.1 The lymphocyte repertoire
Humans live under a constant threat of pathogens, from viruses and bacteria to fungi and
parasites. As vertebrates, humans have evolved a sophisticated defense mechanism that can
mount a targeted response: the adaptive immune system2,3. I will focus on one particular
aspect of the immune system that can mold the response: the white blood cell, a lymphocyte
called the B cell4. The entire collection of B cells in the body, our immune “repertoire”,
can shift and change in ways to better respond to antigens, any kind of material that binds
frequently and strongly enough to the traveling B cells by means of the B cell receptor (BCR)5.
As each B cell expresses only one kind of BCR on its cell membrane, is is important to take
into account the entire repertoire as the population trends in ways a single cell cannot. For
2instance, if the antigen belongs to a particular pathogen, the repertoire may shift in such a
way to better respond to that antigen, resulting in a targeted defense3. This ideal scenario
completely depends on the diversity of the repertoire – how many dierent kinds of BCRs
exist within the system.
There are many dierent processes which both increase and decrease the diversity of
the repertoire and ultimately determine what the immune system can potentially respond
to. However, each mechanism is running simultaneously, resulting in a complex network of
cells in dierent stages of development. In order to more easily describe this complexity, I
break down the repertoire into three abstract scales which I call “germline potential”, “somatic
kinesis”, and “clone collision” (inspired by a similar idea of energy in physics). In the following
sections, I will describe each layer, the mechanisms that contribute to their creation, and how
they relate to each other in order to generate a diverse, yet directable, repertoire.
1.2 Germline potential
Germline potential is the potential repertoire that can arise from our inherited genes, our
germline genes, that recombine to create the BCR. This scale is the initial template that rst
denes the space to which the repertoire can approach. This layer is also where much of the
diversity of the repertoire is generated.
First, consider the structure of the receptor. The BCR is comprised of a tetramer consisting
of a two heavy chains (IGH) and two light chains (κ, IGK, or λ, IGL). The base of the receptor
is called the constant region which is membrane-bound, while the upper portion is called the
variable region6. The diversity of the repertoire refers to all of the dierent variable regions –
this observation is especially important considering the variable region contains the antigen
binding sites.
The variable region of heavy and light chains is composed of several germline genes: the
V , D (in heavy chains only), and J genes7. The human genome contains many V, D, and J
genes and alleles, so a process called V(D)J recombination splices, in order, a single D with a
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3single J, then a single V with the DJ combination (and the constant region), transcribing the
VDJ complex and resulting in a chain (here a heavy chain as this example uses a D gene), one
of ∼3.50× 106 possible combinations8–10. However, the heavy and light chain come together,
resulting in ∼1× 1011 possible receptors in the germline repertoire.
The combinatorial complexity of choosing V, D, and J genes results in a diverse array of
receptors. Those possible starting points, all of the V genes in this case as my unit of interest,
make up the entire layer of germline potential. This scale, to which I previously alluded,
directly feeds into somatic kinesis.
1.3 Somatic kinesis
Somatic kinesis, continuing the physics comparison, is when the events are set into motion:
the repertoire containing all rearranged B cells in the body. That is, the B cells that have
undergone V(D)J recombination, naive B cells, proliferating B cells which create lineages
during anity maturation, memory B cells containing BCRs created from previous responses,
reacting plasma cells, and all other B cells in various stages of reactivity.
Before discussing the next mechanism that generates diversity, I rst draw attention a
purication step that inuences somatic kinesis, the realized repertoire of what actually
developed and traveled to the periphery. During V(D)J recombination, the system enforces
several checkpoints to ensure functional BCRs11–13. V(D)J recombination occurs for both the
heavy chain and the light chain. B cells rst rearrange their heavy chains as pro-B cells. A
surrogate light chain pairs with the rearranged heavy chain, a complex called the pre-BCR
which the large pre-B cells express on their cell surfaces. If unable to do so, those cells undergo
apoptosis14–17. The cells then proceed to rearrange their light chains and pair them with
the heavy chains, expressing the nished BCRs on their membranes as immature B cells. As
before, if the complex is not expressed on the cell surface, those cells undergo apoptosis17.
Finally, the cells are presented with (self) antigens from the body. If the cells bind too strongly
or not at all to self antigens, those cells undergo apoptosis12,13. Only the cells that bind weakly
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4to self antigens can proceed to the periphery. B cells do have a mechanism to save themselves
if they fail the checkpoints by means of receptor editing, where cells get a second chance to
create an acceptable receptor18–20.
These developmental checkpoints all require BCRs to be a functional, working receptor
that does not fall apart and is able to bind to antigens. That is a major requirement for not only
minimizing anergic B cells which cannot suciently respond to antigens, but also generating
BCRs that are rigorous to the amount of diversity introduced into this system where variety is
thought to be paramount. In addition, the checkpoint for weak binding ensures that B cells do
not mount a major response to self antigens.
Returning to a general overview of what generates diversity in these B cells, the next step
after V(D)J recombination (and purication of non functional and self reactive receptors) is
somatic hypermutation6,21–23. When B cells bind to antigens frequently and strongly enough,
they start to rapidly proliferate. During proliferation, they have a higher chance of introducing
mutations into their BCR, possibly changing the structure as a result6,21–23. This step brings
the total number to a staggering ∼1× 1015 possible receptor structures24,25. This process, an
important stage of anity maturation (where B cells generate antibodies with greater anity
during an immune response), occurs during the growth of a particular lineage of cells, called a
“clone”. These mutations, however, may result in a non functional receptor or a receptor that
binds more strongly to self antigens. The repertoire is thereby comprised of all of these cells,
both puried and diversied, dened by germline potential and further explored in this whole
repertoire, somatic kinesis. There is still one more layer of organization of the repertoire:
clone collision.
1.4 Clone collision
Collision is the ending point of an object undergoing kinesis, if that object succeeds in hitting
a target. Similarly, I dene clone collision as the organization of the repertoire into clones.
While the repertoire is in fact made up of the individual B cells, there are emergent patterns
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5that arise due to the lineages created by B cells when they start to proliferate after binding to
antigens.
This scale is also another important component of anity maturation: clonal selection.
During a response, dierent B cells create dierent lineages and begin to compete with each
other over resources, including antigens. Those clones that have a better binding anity to
antigens have an increased chance of survival, leading to a clonal shift in the population of
cells that may increase the repertoire’s response to a set of antigens – an adaption to the
environment. This is a very dicult concept to both visualize and study, as dierent clones
and dierent members of the same clone behave in very dierent manners especially over
time (clonal drift) and seemingly distant clones (containing very dierent receptor sequences
when comparing residue to residue) may be working together in the overall picture of the
repertoire. More specically, there may be commonalities in the structure of the receptor that
can only be found using sophisticated techniques that look at the receptor motifs rather than
at each specic residue. What makes the problem of repertoire quantication and trend data
mining so dicult is inherent in the scale itself – at this level of looking at the repertoire, clone
collision, contains both germline potential and somatic kinesis. Germline potential denes
the initial sequence space that can be traversed by these receptors while somatic kinesis both
puries and diversies the BCRs, shrinking and expanding dimension of the overall sequence
space. Clone collision takes these two layers, combines them, then adds another layer of
complexity by dividing the sequence space into biases dened by clonal behaviors.
The problem only begins with one repertoire – I intend to compare multiple repertoires
to see how these trends of structural motifs dier among dierent anatomical compartments.
1.5 Hypotheses
From a single cell point of view, the processes in which a cell reacts to an antigen are important
for researchers for nding ways to improve a cell’s ability to nd and respond to an invader, or
inhibit its binding to self. This view can only go so far – mainly ingrained in somatic kinesis,
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a population point of view, the behavior of the repertoire is important for predicting how a
body will defend itself against specic pathogens, be susceptible to autoimmune diseases, and
protect itself against a wide variety of pathogens. In this dissertation, I provide evidence to
support the hypothesis that B cell receptor sequences exhibit focused peaks of diversity
in the FRs and CDRs against a background of mostly conserved positions In addition,
I also demonstrate that the positional diversity of the germline potential can predict
the survival of a mutation in somatic kinesis. Lastly, I focus on new techniques that
I developed that shows that there exist trends of common motifs in the repertoire at
dierent scales.
1.6 Previous studies of receptor repertoire diversity
Initial analyses on the BCR repertoire found that certain residues in the V region of the receptor
contained a larger amount of variability based on a custom measure that gave bias towards
variability26. This measure exposed the very beginnings of pinpointing the diversity of the
receptor – there appeared to be two clear levels of variability. By dividing the V region by this
variability, researchers could see three variable regions, labeled complementarity determining
regions (CDRs), and four more conserved regions, called framework regions (FRs)26,27. Further
investigation revealed that the antigen binding sites correlated within these CDRs28 29. On the
other hand, researchers believed that the FRs should not be too diverse or the BCR would fall
apart as the receptor could not maintain the structure otherwise27.
Furthermore, researchers found that the germline heavy chain was more conserved overall
when compared to the light chains1. In order to discover this property, they used a more
informative measure, Shannon entropy30. The choice of measure is very important for
repertoire analysis, as they all make dierent assumptions and dene “diversity” in slightly
dierent ways. In fact, dierent diversity measures can result in completely dierent and
unexpected interpretations. For instance, Stewart et al. were able to ndmore precise locations
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7of high and low diversity because they used an unbiased entropy measure1,30 instead of the
variable preference of Wu and Kabat’s measure26. However, both Wu and Stewart analyzed
a mix of germline and somatic data due to the limited accessibility of germline sequences.
Therefore, the recorded variability so far may not be indicative of a purely germline repertoire.
In addition, Wu and Kabat’s measure only took into account the frequency of the most
abundant amino acid, regardless of whether there were many common amino acids. This
measure has the side eect of being biased towards variability and thus information about the
complete diversity of the position is lost26. Although Stewart et al. carried out analyses on
IGK, TRA, and TRB chains with Shannon entropy, and while Shannon entropy uses all of the
information from the data, the result is measured in bits and is not reported in an intuitive
way – the scale is non-linear and there is no doubling eect1,31. This property leads to other
biases in the comparisons between low and high variability, where two points of similar high
entropy and two points of similar low entropy are not equal in their relationships.
Since the mass adoption of Shannon entropy in biology, many researchers in the eld
of ecology have used the measure as an index for species diversity within a population.
However, there have been many developments in ecology with respect to species diversity31.
In particular, there has been a major shift in thought from using entropy as a measure of
diversity to what is called “true diversity”, or the “eective number of species”31,32. This
measure has been slowly making its way into other elds, but is especially needed in one so
closely related to ecology as repertoire analysis.
Studying the positional diversity of the repertoire can demonstrate where the receptor
needs to maintain its structure and where diversity is tolerated – this analysis is how FR and
CDR were rst dened. Looking further into the reasons behind this diversity dichotomy,
Chothia et al. explicitly characterized amino acid usages in terms of structural contribution
for the Kabat database27. While they found conservation was held in the “deep” region of
the structure, they did not relate the structural aspects of the germline repertoire with the
survivability of a mutation in the somatic repertoire. Similarly, North et al. used a dierent
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the dierent categories of loops from a larger set of antibodies33. While this analysis reveals
a more complete picture of the types of conformations the antibody can take, the eect of
selection was not taken into account.
In Chapter 2, I applied the measure of true diversity to the known B and T Cell germline
receptor repertoires – a quantication of germline potential. In doing so, I found spikes of
diversity in both the FRs and the CDRs against a background of mostly conserved positions in
the receptor. Using this information, I was able in Chapter 3 to predict the survival following a
mutation in the somatic repertoire, helping in the quantication of somatic kinesis.
1.7 Previous studies of protein sequence space
Looking at positional diversity in the BCR is extremely useful for observing patterns in localized
points. Unfortunately, assuming that one position is independent of its neighbor would result
in many patterns going unnoticed. However, looking at larger unit sizes is dicult – how could
one relate two larger sequences together in a more sophisticated way other than Hamming
distance (the number of mismatches)?
Previous studies have compared repertoires in a variety of dierent ways. For instance,
researchers can use the frequency of V genes found in the data as an indicator for repertoire
similarity34–36. Using the rarefaction and estimation of the total number of cells with certain
V genes or clonotypes is another “metric” of similarity37,38. Counting and / or characterizing
mutations is also a valid method of comparison34,36,37,39. However, these techniques compare
repertoires on clone, gene usage, or positional mutation scales. We assume that similar
repertoires would be able to bind, on average, similar antigens. Unfortunately, there is not
enough antigen binding anity data in existence so we need to use the sequencing to its fullest
extent. Therefore, we assume that trends exist in the sequences due to selection that give
rise to similarities in the receptor sequences – not just at a single mutation scale, but rather
in structural units. However, we are still missing most of the data needed for an adequate
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In such a system with large amounts of variability, especially induced by mutation, there
should be a large amount of intermediate BCRs that samples could not capture due to the lack
of depth. In response to this lack of similarly diverse data, researchers have used intermediate
sequence search (ISS) in order to infer relationships between seemingly unrelated proteins.
Taking this concept a step further, Frenkel and Trifonov began to use ISS not just with entire
proteins, but combined that method with Maynard’s description of “protein space”, a kind of
map of where a protein sequence could traverse possible transformations of its sequence40–42.
In such a space, with protein fragments rather than entire proteins, the path that the protein
“walks” could be vastly dierent from one end of the map to the other and the protein could
end up in various traps which hinder its evolution to other sections of the map.
By looking at sequence fragments instead of the entire sequence or position by position,
researchers would be able to nd more signicant trends in the repertoire without the use
of alignment. That is, two receptors might be quite similar in what they bind to but they just
so happen to bind in dierent locations across the receptor in certain ways that alignment
could not reveal. Clones may be distantly related, but if the overall trend of a system is geared
towards binding to a certain antigen or group of antigens, the structural relatedness of the
receptors must be greater and more involved than just a positional interpretation. This idea is
similar to nding “protein sectors” in a structure43. Protein sectors are “independent” amino
acids that form functionally distinct groups in the protein (as relationship at the tertiary level)
by correlation. In this case, however, I want to nd those functionally distinct groups within
and between receptors.
This separation of within and between is important, as the techniques I developed can
relate not just two clones, but all of the sampled clones in a repertoire. By creating the vast
network of all of these clones, I can then nd the major trends at dierent scales of biology. I
can nd the relationship between all of the FRs and CDRs in a clone or between all clones, how
a clone behaves in dierent samples or tissues, and I can discover how similar two completely
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dierent clones can really be based on trends and structural units. All of these scales are
important in the overall quantication of a repertoire, and multiple repertoires. As a result,
there is a need for new tools to incorporate population level protein sequence fragment trends.
1.8 Outline
This dissertation explores the overall patterns of diversity, mutation, and selection of the BCR
repertoire. In Chapter 2, I cover germline potential: the section exposes the base diversity
for the IGH, IGK, and IGL germline V gene repertoires, as well as their T cell counterparts,
while at the same time revealing the necessity of “true diversity” and varying window lengths
to account for the dependency of neighboring positions. In Chapter 3, I continue the search
for selection trends by describing the link between germline potential and somatic kinesis.
This link has the outcome of giving scientists the tools to predict the somatic behavior from
the germline. In Chapter 4, I propose a new method with which to compare repertoires in
a non-alignment way, capturing patterns of protein sequence fragments that demonstrate
a dierent view of the trends in the clonal collision. This technique makes use of a novel,
generalized measure of clumpiness within dendrograms, a measure that I lay out in this chapter.
Chapter 5 summarizes the ndings in this dissertation and suggests the future steps to take in
order to take repertoire analysis forward.
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Part I
Diversity
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Chapter 2: Conserved variation: identifying patterns of stability and
variability in BCR and TCR V genes with dierent diversity and
richness metrics44
As stated in Chapter 1, there exist three scales of the B cell receptor repertoire: germline
potential, somatic kinesis, and clonal collision. Each scale is simultaneously occurring at all
times, leading to a complex network of cells at dierent stages of their lives and receptor
sequence diversity. While the applied aspects of the clone collision are the most attractive in
terms of researchers acting to manipulate this system, the entire scope must rst be dissected
to see how each scale connects to the others.
In this chapter, I address the base problem for nding the sequence diversity of the germline
potential. This is the rst stage of the entire repertoire, as all possible receptor structures are
derived in the sequence diversity of the V, D, and J genes. Only after the quantication of the
starting diversity can the results from V(D)J recombination be connected. Here, I focus on the
positional sequence diversity of the V genes, and the main question then concerns the correct
metric to use for the concept of “diversity”.
While previous studies have used various metrics on certain guesses of the germline
genes1,26, I continue such analyses in this chapter with the ImMunoGeneTics (IMGT) database
which contains a large number of known germline receptor sequences, as well as a consistent
alignment ensuring the accuracy of the diversity measure at each position45. Furthermore,
the use of the “true” diversity31,32 as a measure greater increases the intuitive understanding
of the eective number of amino acids at each point in the receptor. I also demonstrate the
dependency of neighboring residues in the receptor through the use of a sliding window of
varying lengths.
I compare several repertoires in terms of their overall levels of positional sequence diversity
and how easily separable the FRs and CDRs are. This information pinpoints precise positions
of high diversity both in the CDRs and FRs, as well as low diversity positions in those regions.
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Such high diversity in certain FR positions and low diversity in some CDR positions suggests a
less clear cut separation than just where the antigen binding regions reside. However, the signal
is still very strong and implies an increased need to respect the constraints of the receptor.
Changing an amino acid a low diversity residue could have drastic consequences, ranging from
non functionality to self reactivity.
These results fully quantify the extent of sequence diversity only for known germline
potential. However, this information is next carried into somatic kinesis, where the cells can
now use more stable and rigorous receptors that are able to withstand more mutation (in
the sense of functionality and non self binding) in all of the right locations. These locations
are more descriptive than the original denitions of the FRs a CDRs, revealing patterns that
could make for a more accurate prediction of where the receptor is most vulnerable or most
hardy against mutation. This concept is further developed in Chapter 3, where a link is found
between the germline potential and somatic kinesis.
2.1 Abstract
The immune system can detect most invading pathogens. The potential for detection of
pathogens is dependent on the somatic diversity of the immune repertoires. While it is known
that this somatic diversity is carefully generated, it is unclear how the diversity is distributed
in the dierent genes encoding receptors of immune cells. Utilizing dierent metrics for
richness and diversity at the level of small sequence fragments, we present here an analysis
of the entire known human germline repertoire as represented by the sequences from the
ImMunoGeneTics (IMGT) database of immune receptors. We have developed a fragment
sequence quantication analysis to track variation of repertoires with dierent degrees of
precision. Somatic diversity has previously been functionally characterized mostly by division
of the V gene sequences into the more conserved and invariant framework (FR) of the receptor
and more varied complementarity determining regions (CDR), that interact with the antigen.
We nd that CDR and FR regions can be explicitly identied with our sequence fragment
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diversity quantication technique. In terms of diversity, CDR and FR are especially distinct
in B cell V genes. T cell V genes show less of the CDR/FR periodicity but are more diverse
overall positions. Our analysis further shows that there are other areas of diversity outside
the CDR and FR areas that are found widely dispersed in T cell receptor V genes and more
tightly focused in FR 1 and FR 3 in the B cell receptor V genes. The diversity we observe
is not dependent on allelic dierences nor is this diversity segregated by individual V gene
families. We would thus expect that each individual exhibit a diversity equivalent to that of
the entire potential repertoire.
2.2 Introduction
To design vaccines and understand how immune repertoires react to disease, we would like
to identify the region of the receptor that interacts with antigens. Even before immune
receptors had been structurally characterized, it was hypothesized that areas of greater amino
acid sequence variability and diversity could be considered surrogate indicators of antigen
interaction points in the receptor26. Although this general connection has since been veried28,
the number of existing structures is still very small, with ∼ 300 B cell receptor (BCR) and ∼ 50
T cell receptor (TCR) structures found in the IMGT 3D structure database46. This number is
inadequate compared to the 1015 possible receptor types immune repertoires can generate24,25
and the innumerable number of antigens they can interact with. Therefore, the question of
which regions in the receptor interact with antigen is still an open one and clear identication
of regions of greater amino acid sequence variability is still of paramount importance.
TCRs and BCRs are each composed of a heavy chain and a light chain. BCRs are made of
one heavy chain (VH ) and one light chain (either a Vκ or Vλ) while TCRs are made of one Vβ
(heavy) chain and one Vα (light) chain. These chains are divided into the complementarity-
determining region (CDR) that is thought to comprise most of the positions that interact and
bind to the antigen and the framework (FR) region, which is the backbone of the receptor27.
Analysis of the V genes that encode the dierent heavy and light chains in BCRs and TCRs
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has shown that indeed the CDR is more varied then the FR in its amino acid makeup1,26,47.
However, there were limitations both to their methods and to the sequences existing at that
time for analysis. Specically, previously only a small and partial set of germlines VH , Vκ and
the Vs of TCR were identied and could be analyzed1,47. Furthermore, due to the limited
amounts of sequence data, previous analysis was done on both germline and mutant data,
without verifying that sequences were not clonally related. We here perform a full analysis of
the diversity of all heavy and light chain V genes in BCRs and TCRs at the germline level. To
do so we measure and compare the diversity of amino acid and short amino acid fragments
across the dierent V gene sequences. Our denition of diversity is what Jost and others,
interested in characterizing species diversity, have called “true” diversity31,48.
Variability and diversity are not identical terms. Variability is a measure of certainty that
things that are always of one type. Diversity is an indication of abundance of types. While
the two are related and measures of variability may often be considered indices of diversity
they are not equivalent. The original metric, suggested by Wu and Kabat to measure position
variability in B cell receptor genes was26
Number of dierent AA found at a specic position
Frequency of the most abundant AA
This metric is to some degree a hybrid combining inuences of both variability and diversity.
It is maximal when most varied, but also grows substantially when things are more diverse.
Stewart et al. rightly criticized this metric as being accurate only for identifying the most
variable positions due to its unclear distribution of values1. To show a clearer picture of
a wider range of values they chose to use the Shannon entropy index. However, although
Shannon entropy is often termed a diversity index, this entropy measures the ability to predict
the identity of a species (in this case an amino acid) from the prediction of the rest of the
sample (sequences). This property, although related, is not directly equivalent to measuring
diversity.
The confusion regarding the measuring and comparison of diversity and diversity indices is
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widespread in biology. Recently, several authors have attempted to clarify the issue31,48. They
suggest that rather than using diversity indices (which indirectly describe diversity), we should
simply measure “true” diversity, which they dene as the eective number of species in a
sample. Although related to diversity, entropy is a distinct facet of diversity which describes
such properties in a less intuitive way that is not conceptually proportional to the samples
represented. For instance, we would expect that a pool of equality abundant species be half
as diverse as a pool of twice as many equally abundant species —a linear property not held
by entropy31. While entropy is informative in sequence analysis, for instance if we wish to
gauge the importance of a position to viability, in this case, where function actually depends
on diversity, we should simply measure true diversity directly48. In measuring diversity, it is
important to consider the order of the diversity. When measuring the eective number of
species, the order determines the extent to which we are inuenced by sample abundances.
Diversity with an order of 0 considers all samples equally regardless of their abundance and is
equivalent to richness. Diversities with an order lower than 1 give eective diversity values that
disproportionately consider rare species while those with a value above 1 disproportionately
consider common species. When the order is exactly 1 the eective diversity is calculated
without bias31. Thus by calculating the eective diversity for a population at several orders,
we can determine the eect of common and rare samples by the dierence between diversities
at dierent orders. This manipulation of the "orders" of diversity is essential in the analysis of
over- or underrepresented receptors.
By measuring diversity of a repertoire of germline genes that include all known alleles
and gene families, we can better characterize the relative impact of these dierent levels of
genetic similarity on the repertoire’s potential for diversity. We nd that, as previously shown
in partial data sets, the CDR is more diverse than the FR. The distinction between CDR and
FR clearly is apparent in germline BCR V genes but less clear in germline TCR V genes, who
exhibit more sequence positions with high diversity across the whole sequence. As a result,
even though ranges of amino acid diversity are similar for all the V genes, TCR V genes are
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more diverse overall. However, contrary to previous ndings1, we still observed the presence
of CDR in TCRs, although they were less pronounced than the those within the BCRs. Even
as CDR and FR were characterized in the analysis of the rst 11 sequenced VH genes, it was
observed that there were highly variable positions in the FR and especially FR347. We show
here, in our more comprehensive analysis, that this is a phenomena found in most BCR V
genes. We found that some of these positions use only hydrophilic amino acids to generate
their diversity while others are more promiscuous. A bias towards hydrophilicity is indicative
of poly-reactivity49. We would therefore suggest that some of the diverse positions outside
of the CDR are also participating in antigen interaction while others either inuence binding
indirectly or are simply less rigorously controlled structural positions.
2.3 Materials andMethods
2.3.1 Sequences Analyzed
We analyzed the amino acid sequences of Homo sapiens germline BCR VH , Vκ and Vλ genes as
well as TCR Vβ and Vα genes. Germline sequences were obtained from the IMGT database45.
Non-functional, partial, and duplicate sequences were ltered out of the analysis. Finally,
between 48 to 155 alleles, from 33 to 49 genes, were studied for every type of V gene (see
Table 2.1). All sequences were numbered according to the IMGT unique numbering system
based based o of the universal alignment provided by IMGT for over 5,000 sequences dened
by CDR and FR positions, structural data, and hypervariable loops. A sliding window was
applied to each set of sequences in a repertoire, dividing the gene sequences into fragments
dened by a starting position and a window length. IMGT alignment gaps were removed from
the fragments, however the IMGT unique position numbering was conserved.
2.3.2 Diversity Measures
For each V gene repertoire, the diversity for the collection of fragments at every position
and window length was quantied for three orders of diversity. We will describe here the
results of our analysis for window lengths 1 and 3, the maximum window for which we have
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Table 2.1: Sequences obtained from the IMGT database for Homo sapiens germline V
regions.
Repertoire Genes Alleles
VH 49 155
Vκ 38 48
Vλ 33 60
Vα 45 86
Vβ 47 96
sucient data as determined by the rarefaction curve analysis —see below in Section 2.3.3.
Both forward and reverse sliding windows were calculated for the amino acid windows longer
than 1. A window length of 1 measures the diversity of amino acid at each position. At each
window length w and each position p, the number of fragments in the collection is Nw,p and
the richness of fragments in the collection is Rw,p.
The measure of diversity used for these collections of fragments was “true” diversity qDw,p,
where
qDw,p ≡
(Rw,p∑
i=1
pi
q
w,p
)(1/1−q)
(2.1)
and q is the order of diversity and pi is the frequency of fragment i31. At q = 1, Equation 2.1
does not exist, however the limit as q approaches 1 is
1Dw,p ≡ exp
(
−
Rw,p∑
i=1
piw,p ln piw,p
)
(2.2)
The analysis was run for three orders of diversity: q = 0 (resulting in the richness, or the number
of dierent fragments), q = 1 (exp(Shannon Entropy30 with base e)), and q = 2 (1/Simpson
Index50). These orders of diversity, sometimes referred to as “Hill numbers”32, are only
dependent on q and the frequency of each fragment31. As stated in the Introduction, if q, or
the order of diversity / Hill number, equals 1, we calculate the eective diversity without
giving added weight to rare or abundant species. An order less than 1 gives greater weight
to rare species and an order greater than 1 gives greater weight to abundant ones. All three
scenarios are necessary to reveal properties of the abundances in each pool of fragments.
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In order to compare the CDR, FR, and overall V gene diversities, we calculated theweighted
means for diversity over all positions of each chain at a certain window length, where the
weights corresponded to the number of fragments at that position. We also did this with
respect to CDR and FR regions dened by a modied IMGT numbering (FR1: 1-24, CDR1:
25-40, FR2: 41-53, CDR2: 54-68, FR3: 69-104, CDR3: 105-111)26,45,51. A non paired two
way t-test was used to identify when genes and regions were signicantly more or less diverse
than each other.
To refrain from any type of sample bias we excluded from our calculations any position
that had less than the minimum number of sequences for a V gene (48, corresponding to the
number of sequences in Vκ), while maintaining IMGT numbering so as to be able to compare
positions. This left us with 83 positions of which 18 were in CDR. For the weighted means
analyses we included all positions with any gene representation and relied on the weighted
nature of this test to compensate.
To explore the eects of allelic diversity within a gene, the diversity of each gene was
calculated from its alleles. Using this analysis, the average for all genes was found for each
position and window length. Additionally, to negate the eects of genes with no diversity at a
given position, the diversities of positions were also averaged only for those genes with greater
than 1 diversity, meaning that there must be at least two types of fragments at that position.
2.3.3 WindowDetermination
To refrain from weighting our analysis by any of the dierent alleles or genes, we limited
ourselves to a single copy for each known allele. For this reason, we could envision that
our diversity results could be inuenced by our sample size. To verify that this was not the
case and to analyze only sequence fragment sizes whose diversity was well covered by our
sequence sample, we performed a rarefaction curve analysis. Rarefaction curves are often
used to verify that sample size are big enough to identify dierent levels of diversity. If at
each window length w and each position p, the number of fragments in the collection is Nw,p
and the richness of in the collection is Rw,p. Then rarefaction curves52, for each window and
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position with incrementing n ∈ {1, . . . , Nw,p} subsamples, E[Rw,pn] were generated with
E[Rw,pn] = Rw,p −
(
Nw,p
n
)−1 Rw,p∑
i=1
(
Nw,p −Nw,pi
n
)
(2.3)
Sampling is deemed sucient if the rarefaction curve plateaus and, despite greater sample
sizes, no greater abundance is found. In our analysis to determine a plateau, we measured the
fraction of the curve that had a “horizontal line”, dened by a continuous set of E[Rw,pn] that
stays within 95% of the value E[Rw,pn]. For instance, if there are 100 sequences represented
in a certain pool and the rarefaction curve shows that E[Rw,pn] ≥ 95 for 80 < n ≤ 100, then we
say that the plateau composes 20% of the rarefaction curve. Going by the rarefaction curves
in our V gene data, we nd that for fragments of amino acids that are 1 and 3 residues long at
all positions, the curves plateau and describe 95% of the richness in the samples after at most
∼ 86% of the curve for 3 residues (Supplemental Table 2.6 and Supplemental Figures 2.6, 2.7,
and 2.8). We therefore feel condent in presenting our analysis of the diversity of single amino
acids and fragments of 3 consecutive amino acids.
2.3.4 Amino Acid Usage Analysis
Finally, we used our diversity measure to determine if dierent positions had a bias towards
using a specic type of amino acid. The diversity measure returns the eective number of
fragments, or the fragments contributing most to that position. Therefore, at a window length
of 1, we can extract the amino acids most contributing to the diversity by taking the rounded
eective number of most common amino acids at a position. Each amino acid, determined to
be relevant to a given position by its eective diversity, was categorized as belonging to one
of three categories based on its hydrophobicity and tendency to be buried or on the surface
of Ig. These categories are: hydrophobic (IVLFCMW), neutral (AGTSYPH), and hydrophilic
(NDQEKR)27,51.
We could now characterize, for every type of V gene, each position into one of six types
depending on how biased it was to using amino acids from only one of the categories. If a
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position used only amino acids from one category, that position was considered to be of that
type (i.e. a hydrophobic, a neutral, or a hydrophilic position). If the position had both neutral
and one other category of amino acids, that position would be considered a “weak” version of
that category (i.e. weak hydrophobic or weak hydrophilic). If there were amino acids in all
categories, then that position was considered indeterminate. In all instances, if a position had
a single amino acid in one category and three or more in another category, the single amino
acid category was ignored (i.e. if V genes were found to express, at a given position 4, neutral
amino acids and 1 hydrophilic amino acid, then this position would be considered neutral).
2.4 Results
2.4.1 Analysis of Diversity atWindow Length 1
To get the cleanest view of amino acid level diversity we started by calculating the diversity
of single amino acids without abundance bias (q = 1) (Figure 2.1). This starting point is also
benecial as these results can be closely related to existing analyses of the Shannon entropy
at the single amino acid level ofVκ, Vβ and Vα genes1. We found that when comparing heavy
chains to heavy chains (VH /Vβ) and light chains to light chains (Vκ/Vα and Vλ/Vα), TCR V genes
are always more diverse than their BCR counterparts P < 0.01. In all cases we also found that
CDR was more diverse than FR P < 0.01 (Figure 2.1c,d). While most of the 18 CDR positions
in all genes are in the top half of the diversity ranking, not all diverse sequence positions were
in the CDR.
The ranked positions, sorted by diversity of order 1 with a window length of 1, revealed
unique distributions for each germline with similar shapes within both the BCR V genes and
the TCR V gene repertoires (Figure 2.2). The BCR curves appear to follow convex functions
while the TCR curves seem more linear or concave in distribution. We found the maximums
and minimums of diversity to be in the same range in BCR and TCR V gene. However, most
of the dierence in BCR V gene diversity is in the upper quartile, while the TCR diversity
distribution is more uniform, with the greatest dierence in diversity being in the bottom
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quartile (see Table 2.2). To more carefully quantify the relationship between diversity and
CDR we next looked at the positions in the upper quartile of the diversity ranking. We found
that in all cases the position with highest diversity was in the CDR and roughly half of positions
in CDR were from the upper quartile of diversity. Furthermore, in all V genes except for Vβ
the CDR is overrepresented with positions from the upper quartile of the diversity distribution.
We can thus conclude that while the distinction between CDR and FR holds for BCR genes, it
is less pronounced in TCR genes especially in Vβ. The BCR has a very prescribed region of
diversity, coinciding mostly with the CDR, while TCR are allowed some diversity throughout
with only a few positions strongly conserved and invariant for reasons of receptor structure.
Therefore, the reason CDR and FR are less distinct in TCR is not because the CDR is not
diverse, rather it is because diversity is spread also in the FR region.
Table 2.2: Quantile ranges for diversity of order 1 at a window length of 1
Germline Maximum-Q3 Q3-Q2 Q2-Q1 Q1-Minimum
VH 10.3-2.99 2.96-2.29 2.12-1.51 1.50-1.00
Vκ 5.85-2.92 2.89-2.10 2.10-1.61 1.56-1.00
Vλ 8.72-4.32 4.07-2.92 2.88-1.93 1.83-1.00
Vα 10.9-6.59 6.55-4.99 4.91-3.46 2.86-1.00
Vβ 10.7-6.48 6.09-4.18 4.13-2.86 2.64-1.00
To determine the extent to which positions of greater diversity and lesser diversity were
consistent across genes we looked to see which positions from the upper or lower quartile
of diversity were found in all BCR V genes or in all TCR V genes (Figure 2.3a). A very clear
picture emerges, with most of the positions from the lower quartile being consistent across V
genes in BCR and V genes in TCR, 7 of which in all V genes. The diverse positions however
seem to be less exactly consistent, although most of those that are consistent across V genes
are in the CDR region. Interestingly we also nd 3 positions in FR 3 (∼ at positions 80-95)
that are diverse in both TCR V genes. It appears, however, that the lack of alignment of the
most diverse positions was because they were only slightly mis-aligned. If we look at the
ranked diversity of a window of 3 amino acids, suddenly multiple positions with high diversity
are found in the CDR, of which ve are in the same position in all V genes (Figure 2.3b,
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Supplemental Figure 2.9).
2.4.2 Window Length 3 Analysis
To complement our view of diversity at a single position and take dependency of neighboring
residues into consideration, we analyzed the sequence at dierent window lengths. Generally
the results were similar at all window lengths with key features being more pronounced at
some lengths. We show here the results of increasing the window length to 3 amino acids
(Figure 2.3b, Supplemental Figure 2.9, and Figure 2.4). Going from the 5’ to the 3’ end we
could see clearly that in both TCRs and BCRs the diverse positions were aligned in CDR
(Figure 2.3b and Figure 2.4a). In general replicating the analysis of the single amino acid level
with the three amino acid fragment level revealed a clearer picture of the patterns occurring
in dierent V genes, the similarities of V gene within each receptor type and the dierences
between them (Figure 2.4). For q = 1, TCR repertoires were still signicantly greater in their
diversity than BCR repertoires and the CDR was more diverse than the FR, similar to the
case for a window length of 1. However, due to the longer window length, the dierence
between CDR and FR in terms of ranges of diversity was greater, allowing us to more clearly
identify diverse regions in CDR and invariant ones in the FR. In additon, the novel diverse
region in FR3s (∼ positions 80-92) and FR1(∼ positions 6-19) are even more pronounced at a
window length of 3 amino acids (Figure 2.4). The range of diversity is higher than that of a
single amino acid. However, given the ranges of diversity of single amino acids (Table 2.2),
even at its highest, it is indicative of the diversication of no more than 2 positions out of a
window of 3 amino acids. It is interesting to note that when comparing positions both of single
amino acids and 3 amino acid windows, Vκ —the only BCR V gene characterized in depth
until now —diers from the other BCR V genes, while VH ,and Vλ show the same placements
of diversity and invariance (Figure 2.1a and Figure 2.4a). This dierence is especially clear in
the CDR positions of Vκ, which are less diverse, and also in the diverse positions in the middle
of FR3, between positions 80 and 92.
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2.4.3 Robustness of Diversity Analysis at Dierent Orders and Direc-
tions ofWindowing
To determine if the diversities at each position would be inuenced if we considered the
number of genes that had a specic diversity at that position we compared our results at q = 1
to calculations of true diversity which were either biased towards rare sample amino acids
(q = 0) (Figure 2.5a,b) or common amino acids (q = 2) (Figure 2.5c,d). While all positions
are more diverse for q = 0 and less diverse for q = 2 (Figure 2.5) the range of diversity is at
the same scale at all orders and the general relationships of diversity across the sequences
remained the same as for q = 1. From this we can deduce that by and large diversity is as we
described for order 1 and dierence between orders of diversity are sampling noise and not
indications of the greater importance of specic amino acid patterns.
Completing our analysis on sequences of length 3 on a sliding window from 3’ to 5’ on the
protein sequences also did not change our results other than allowing us to more clearly see
diverse parts of CDR3 on the 3’ side (Supplemental Figure 2.10).
2.4.4 Using theDiversityMeasure to Analyze the Tendency to UseHy-
drophobic or Hydrophilic Amino Acids
To illustrate how our diversity metric can be used to study the impact of diversity at dierent
positions, we used diversity to characterize how biased dierent positions are in terms of
their adherence to using hydrophobic or hydrophilic amino acids. We used this analysis to
determine if diverse positions are more prone to using non-hydrophobic amino acids or if
they are indeterminate in their choice of amino acids. Considering that regions with less
hydrophobic residues will be more polyreactive49, positions skewed against using hydrophobic
residues are probably involved in antigen interaction. We looked at all positions in the upper
quartile of diversity for each V gene. These highly diverse positions are over represented in
CDR as opposed to FR in all V genes except Vβ (Table 2.3). However, all V genes also show
diverse positions in FR. For the hydrophobicity analysis we only looked at positions whose
diversity was 4 or above. We choose this cuto as for lower diversities it becomes unclear
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how reliably the amino acids dierentiated between three categories. Once we look only at
these highly diverse positions we see the following —(1) CDRs of BCR V genes over-express
non-hydrophobic positions (χ2, p < 0.05) while in TCR V genes they are dispersed equally
between CDR and FR (compared to number of positions in each region —18 in CDR and 65
in FR) (Table 2.3). (2) Hydrophobic positions are, in general, over expressed in the CDR of all
V genes. However, their numbers are too low to make statistical inferences. (3) Indeterminate
positions are evenly distributed between CDR and FR. This ts well with the idea that the
non-hydrophobic diverse positions are involved in antigen interaction. In BCRs they are more
focused in the CDR region, however they are found in the FR of both TCRs and BCRs. The
Vκ repertoire is simply not diverse enough to exhibit most of the positions we are studying
here. This is not to say that Vκ does not have positions with these kinds of structural roles.
This result only means that looking at the diversity of the germline repertoire to detect these
positions is not feasible. Potentially by including mutant sequences we would pin point these
types of diverse positions in κ light chains as well.
Table 2.3: The number of positions in the CDR and FR of each V gene type that are from
the upper quartile in diversity, have a rounded diversity of 4 or more and belong to one
of three categories: non-hydrophobic (+) —i.e. hydrophilic, weak hydrophilic or neutral;
hydrophobic (−), i.e. hydrophobic or weak hydrophobic; and indeterminate (∼).
*The number of non-hydrophobic (+) positions were greater than expected compared to the relative size of the
CDR and FR (18 vs. 65 positions respecively).
VH
* Vκ
* Vλ
* Vα Vβ
CDR FR CDR FR CDR FR CDR FR CDR FR
+ 4 3 2 2 9 8 5 8 4 10
− 1 2 - - 2 0 3 2 2 1
∼ - 2 - - 0 1 0 3 1 3
Sum 5 7 2 2 11 9 8 13 6 14
D < 4 3 5 6 11 0 0 0 0 0 0
Sum 8 12 8 13 11 9 8 13 6 14
2.4.5 Determining the Impact of Allelic Diversity on the Overall Di-
versity
The last part of our analysis was to determine if the diversity patterns we see are the result
of diversity amongst genes or amongst alleles. The average allelic diversity of order 1 for
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window length 1 at any position was rarely greater than 2 for both BCR and TCR (Supplemental
Figure 2.11a,b). This average represents only a subset of the genes as many had only one allele
type, and most had no diversity amongst their alleles (Table 2.4). In all positions, many genes
did not have a diversity over 1, meaning that all of the alleles in that gene at that position had
the same sequence of amino acid. The number of genes that did have positions or alleles that
diered from each other and expressed some level of diversity was smaller but in these genes
the range of allele numbers was the same. Average allelic diversity for window length 3 also
showed small uctuations for some chains, although all repertoires again rarely surpassed a
diversity of 2 (Supplemental Figure 2.11c,d). The number or alleles did not seem to be the
limiting factor in determining the existence of diversity as, similarly to the single amino acid
case, both positions with diversity of 1 and higher diversities had the same range of allele
numbers (Table 2.4). While the number of alleles reached as high as 10 in some genes even
at a window size of six the diversity of alleles was in the range of 2, reaching 3 only in two
cases. This implies that by and large the number of positions that have intragenic diversity in
their alleles is ∼ 1 per six amino acid positions. We can see that this is not the case for the
total levels of diversity amongst genes, since their diversity is much higher when we look at a
sliding window of 3 amino acids than if we look at the diversity of single amino acids. It is
therefore quite clear that most diversity in our analysis did not come from allelic diversity. We
can not conclusively disqualify the idea that better sampling of th human population and a
more comprehensive database of allelic diversity, would change this. However, the plateauing
of our rarefaction curves (see Supplemental Table 2.6 and Supplemental Figures 2.6, 2.7,
and 2.8), the similarity in the numbers of alleles with no change in diversity and those who
do change diversity, alongside the similarity in allelic diversity ranges at windows 1 and 3,
lead us to conclude that this will probably not be the case. Having said that, it is interesting
to note that some positions with 3 alleles exhibited maximal diversity (D = 3). It would be
interesting to see if, in actual immune repertoires in the population, V genes of each of these
alleles would be used in equal measure or if potentially their eective diversity in such a case
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would be less than 3. Having veried that diversity is not based on the allelic level, we next
checked at the V gene Family level. We found that even in the bigger families the patterns
of diversity followed those of the population as a whole and no part of the diversity of the
repertoire was family specic (data not shown).
Table 2.4: Gene and allele counts for allelic diversity analysis for order 1. G1 is the
number of genes with one allele. (Gn,w = 1) is the range of genes with multiple alleles
with a fragment diversity of 1 at window w. (Gn,w > 1) is the range of genes with multiple
alleles with a fragment diversity greater than 1 at window w. (A) signies the range of
average number of alleles for the range of genes in the given column
Germline G1 (Gn,1 = 1) / (A) (Gn,1 > 1) / (A) (Gn,3 = 1) / (A) (Gn,3 > 1) / (A)
VH 14 23-34/3.04-5.00 1-12/2.00-10.00 3-34/3.04-5.00 1-14/2.5-9.00
Vκ 29 7-8/2.00-2.14 1-2/2.00-3.00 7-8/2.00-2.14 1-2/2.00-3.00
Vλ 14 15-18/2.00-2.55 1-4/2.00-4.00 12-18/2.00-2.55 1-7/2.00-4.00
Vα 20 20-24/2.50-3.00 1-2/2.00-5.00 9-24/2.50-3.00 1-4/2.00-5.00
Vβ 18 26-28/2.45-5.00 1-3/2.00-7.00 21-28/2.00-5.00 1-6/2.00-7.00
2.5 Conclusion
We have adapted here the methods of Jost and others31 to use “true” diversity to analyze amino
acid usage patterns in V genes. We show that our diversity metric identies known phenomena
of CDR and FR structure while allowing for clearer comparisons and identications of which
amino acids drive the diversity we observe. We use this metric to analyze the entire known
human germline repertoire, allowing us to more clearly characterize the source of this diversity
as being based on the diversity of the genes and not the inuenced by the allelic or family
level. We also show here that there are patterns of amino acid diversity in TCR and BCR V
genes that can characterize the dierent parts of these genes. It is important to note that while
in the present analysis order of diversity did not have a huge impact on results, this may well
not be the case when we use our methods to study an actual immune response. In such a case,
we may in fact use the order of analysis to identify the more abundant clones. Potentially,
this is for the same reason that gene families did not have much of an imprint on diversity
patterns. The germline repertoire is evenly distributed amongst clones and so the dierent
orders changed little in the results.
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In BCR V genes we show that VH and Vλ exhibit similar diversity patterns to those described
in Vκ 1. However, their CDR is more diverse and they appear to have hitherto un-described
areas of high diversity in FR1 and FR3, previously suggested in VH 47 (Figure 2.4a). Part of
the reason that diversities seem so high in VH and Vλ is that the Vκ germline repertoire we
analyzed exhibits very low levels of diversity overall and is far less diverse than demonstrated
by Stewart et al. Replicating their analysis1, we see that our dataset shows a signicantly
dierent distribution into the H categories with signicantly less (χ2, p 0.001) of the highly
diverse H2 positions in Vκ (Table 2.5). We believe that this dierence is an indication that the
original dataset included many mutated sequences. We do not think this lower diversity is an
issue of sampling as Vκ plateaued after utilizing ∼ 62% of the data (Supplemental Table 2.6).
TCR V genes are, as we expected, more diverse than BCR V genes1. However, the range
of this diversity is similar to that in BCR V genes and it is only the number of positions that
have median diversity values that is dierent (Figure 2.2). Most of the high diversity areas in
the CDR (Figure 2.3b) and the exact positions of low diversity positions (Figure 2.3a) (which
presumably coincides with structurally important amino acids) are the same for both TCRs
and BCRs. The dierences in the numbers of median diversity positions makes the CDR and
FR less distinct in the TCR V genes.
All these ndings taken together lead us to the conclusion that the denition of CDR as the
region of antigen interaction and FR as the region of structural importance, while generally
true for V genes, may need reconsideration in some cases. High diversity positions can be
found in the FR and some invariant positions are identied in the CDR. This is especially true
for TCR V genes that appear from these results to interact with antigen in a much more exible
way. It is not clear why TCR V genes are more diverse than BCR V genes or why VH and Vλ are
more diverse than Vκ. Potentially this dierence in diversity has to do with mutation. Unlike T
cells, B cells can further diversify through mutation during an immune response to disease53.
Thus potentially TCR V genes that can not expect to add mutations to their diversity have
evolved to be more diverse. In this context it is interesting that Vκ, whose codon usage makes
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it the most unstable for mutation (i.e. most diversifying under mutation51) is the V gene with
the least amino acid diversity. Taken together these two nding seem to imply that perhaps V
genes need to reach a certain average level of diversity and that the source of diversity is less
important. However, the actual explanation is probably not as simple as this solution, since
the positions with the greatest diversity, the CDR, are also the position which are most prone
to change (in diversity) under mutation51.
One nal aspect of our analysis is the ability to determine how much more (or less) diverse
each position is than other positions. For instance, we can observe that no position has an
eective diversity of more than ∼ 10 amino acids at a specic position. Indeed, we see that in
general the ratio between maximum and minimum diversity is about the same in all V genes
(Dmax/min ∼ 10). The dierence in the mid-range diversities could be because the range of
eective diversities we nd in the middle quartiles of TCR and BCR V gene positions is very
dierent: 6-3 for TCR and 3-2 for BCR. In other words, in most positions TCRs are twice
as diverse, but not in the most diverse positions or the least diverse positions where they
are the same as BCRs. The similarity in maximal and minimal diversity indicates to us that
some characteristics of antigen interaction are the same for TCR and BCR and have the same
limitations in terms of the amino acid usage they imply. At the same time, TCRs are more
exible in the exact contact points by which they interact with antigen, while BCRs need to
maintain their structure to position most antigen contacts in the CDR, because of this the
mid-range diversities dier between BCR and TCR V genes.
Our ndings regarding the amino acid binding proles of the most diverse positions
strengthen this view. Wedivided the diverse positions into three categories âĂŞ anti-hydrophobic,
hydrophobic and indeterminate. A bias against using hydrophobic amino acids is linked to
poly-reactivity49 and so this bias could be an indication of antigen interaction at that position.
Those positions that have high diversity but are biased to using hydrophobic amino acids
could be positions of structural importance that have a exible role. As such, we note that
they are mostly found at the edges of the CDRs, for instance at position 55 in CDR2 (see
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Supplemental Figure 2.12 and Supplemental Tables 2.7, 2.8, 2.9, 2.10, and 2.11). Finally, the
high diversity positions that are indeterminate in their amino acid usage may simply be under
less stringent selection. TCR V genes express anti-hydrophobic diverse positions evenly in
both CDR and FR. BCR V genes also have such diverse positions in both CDR and FR but
preferentially express them in the CDR. The more structural diverse positions are evenly
distributed in both TCR and BCR V genes, although overall TCR V genes have many more
indeterminate positions than do BCR V genes (Supplemental Figure 2.12 and Supplemental
Tables 2.7, 2.8, 2.9, 2.10, and 2.11). We thus see again that while antigen interaction probably
depends on sites in both CDR and FR, this interaction is more focused in the CDR in BCRs.
At the same time TCR are more exible and less constant in what sites will be important
for a specic response. We would speculate that this is potentially because of dierences
between the MHC bound peptide string antigens TCRs interact with and the free oating
protein structure antigens BCRs interact with. The simpler TCR antigen has less restriction
on ways to interact than the complicated BCR antigen.
Table 2.5: Division of sequence positions into Shannon entropyH categories as described
in Stewart et al.1
*Expected number of positions at each H category according to1.
** Signicantly dierent from expected (p < 0.05).
H VH Vκ Vλ Vα Vβ V κ* ** Vα* Vβ* **
0 45 33 55 12 14 34.03 12.45 11.62
1 33 32 26 17 28 27.39 14.94 15.77
2 5 19 2 54 41 21.58 55.61 55.61
Table 2.6: The fraction of the rarefaction curve that plateaus (stays level within 5% of
the total height of the curve).
Window VH Vκ Vλ Vα Vβ
1 0.392 0.482 0.374 0.314 0.377
2 0.236 0.296 0.234 0.174 0.239
3 0.183 0.231 0.182 0.136 0.190
4 0.159 0.190 0.157 0.117 0.166
5 0.137 0.159 0.143 0.109 0.151
6 0.127 0.131 0.135 0.105 0.140
diversity at each residue for VH ( ,#), Vκ ( ,3), and Vλ ( ,2). The positions in
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the upper quartile are
Table 2.7: The amino acids contributing most to a diversity of order 1 separated by
hydrophobicity for VH . The amino acid appearing in red indicates that amino acid as
contributing to diversity, based on the result of the metric.
FR1
1 - - - - - - - - - - - - - - - - Q E - -
2 - V L - - - - - - - - - - - - - - - - -
3 - - - - - - - - - T - - - - - - Q - - -
4 - - L - - - - - - - - - - - - - - - - -
5 - V - - - - - - - - - - - - - - Q - K -
6 - - - - - - - - - - - - - - - - Q E - -
7 - - - - - - W - - - S - - - - - - - - -
8 - - - - - - - A G - - - - - - - - - - -
9 - - - - - - - A G - S - P - - - - - - -
11 - - - - - - - - G T - - - - - - - E - -
12 - V L - - - - - - - - - - - - - - - - -
13 - V L - - - - - - - - - - - - - - - K -
14 - - - - - - - - - - - - - - - - Q - K -
15 - - L - - - - - - - - - P - - - - - - -
16 - - - - - - - - G T S - - - - - - - - -
17 - - - - - - - A G - S - - - - D Q E - R
18 - - - - - - - A - T S - - - - - - - - -
19 - V L - - - - - - - - - - - - - - - - -
20 - - - - - - - - - T S - - - - - - - K R
21 - V L - - - - - - - - - - - - - - - - -
22 - - - - - - - - - T S - - - - - - - - -
23 - - - - C - - - - - - - - - - - - - - -
24 - - - - - - - A - T - - - - - - - - K -
CDR1
25 - V - F - - - A - - - - - - - - - - - -
26 - - - - - - - - - - S Y - - - - - - - -
27 - - - - - - - A G - - - - - - - - - - -
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IGHV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
28 - - - F - - - - G - - Y - - - - - - - -
29 - - - - - - - - - T S - - - - - - - - -
37 - - - - - - - A - - - Y - - N - - - - -
38 - - - - - - W A G - S Y - - - D - - - -
39 I V - - - M W - - - - - - - - - - - - -
40 - - - - - - - - G - S - - H N - - - - -
FR2
41 - - - - - - W - - - - - - - - - - - - -
42 I V - F - - - - - - - - - - - - - - - -
43 - - - - - - - - - - - - - - - - Q - - R
44 - - - - - - - - - - - - - - - - Q - - -
45 - - - - - M - A - - - - P - - - - - - -
46 - - - - - - - A - - - - P - - - - - - -
47 - - - - - - - - G - S - - - - - - - - -
48 - - - - - - - - - - - - - - - - Q - K -
49 - - - - - - - A G - - - - - - - - - - -
50 - - L - - - - - - - - - - - - - - - - -
51 - V - - - - - - - - - - - - - - - E - -
52 - - - - - - W - - - - Y - - - - - - - -
53 I V L - - M - - - - - - - - - - - - - -
CDR2
54 - - - - - - - A G - S - - - - - - - - -
55 I V L F - - W A G - S Y - - - - - E - R
56 I - - - - - - - - T - - - - - - - - - -
57 I - - - - - - - - - S Y - - N D - - K R
65 - - - - - - - A - T - - - - - - - - K -
66 - - - - - - - - - - - Y - - N D - E - R
67 - - - - - - - - - - - Y - - N - - - - -
68 - - - - - - - A G - S - - - N - - - - -
FR3
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IGHV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
74 - - - - - - - - G T S - - - - - - - - -
75 - - - - - - - - - - - - - - - - Q - - R
76 - V L F - - - - - - - - - - - - - - - -
77 - V - - - - - - - T - - - - - - - - - -
78 I - - - - M - - - - - - - - - - - - - -
79 - - - - - - - - - T S - - - - - - - - -
80 - V - - - - - A - - - - - - - - - - K R
83 - - - - - - - A - - S - - - - - - - - -
84 I - - - - - - - - T - - - - - - - - K -
85 - - - - - - - - - - S - - - N - - - - -
86 I - - - - - - - - T S - - - - - Q - - -
87 - V L F - - - A - - - - - - - - - - - -
88 - V - - - - - - - - S Y - - - - - - - -
89 - - L - - M - - - - - - - - - - - - - -
90 - - - - - - - - - T - - - - - - Q E K -
91 - - L - - M W - - - - - - - - - - - - -
92 - - - - - - - - - T S - - - N - - - - -
93 - - - - - - - - - - S - - - N - - - - -
94 - V L - - M - - - - - - - - - - - - - -
95 - - - - - - - - - T - - - - - D - - K R
96 - - - - - - - A - T S - - - - - - - - -
97 - V - - - - - A - - - - - - - D - E - -
98 - - - - - - - - G - - - - - - D - - - -
99 - - - - - M - - - T - - - - - - - - - -
100 - - - - - - - A G - - - - - - - - - - -
101 - V - - - - - - - T - - - - - - - - - -
102 - - - - C - - - - - - Y - - - - - - - -
103 - - - - C - - - - - - Y - - - - - - - -
104 - - - - C - - - - - - - - - - - - - - -
CDR3
105 - - - - - - - A - T - - - - - - - - - -
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IGHV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
Table 2.8: The amino acids contributing most to a diversity of order 1 separated by
hydrophobicity for Vκ. The amino acid appearing in red indicates that amino acid as
contributing to diversity, based on the result of the metric.
FR1
1 - - - - - - - A - - - - - - - D - E - -
2 I V - - - - - - - - - - - - - - - - - -
3 - V - - - - - - - - - - - - - - Q - - R
4 - - L - - M - - - - - - - - - - - - - -
5 - - - - - - - - - T - - - - - - - - - -
6 - - - - - - - - - - - - - - - - Q - - -
7 - - - - - - - - - T S - - - - - - - - -
8 - - - - - - - - - - - - P - - - - - - -
9 - - L - - - - A G - S - - - - - - - - -
11 - - L - - M - - - - - - - - - - - - - -
12 - - - - - - - - - - S - P - - - - - - -
13 I V L - - - - A - - - - - - - - - - - -
14 - - - - - - - - - T S - - - - - - - - -
15 - V L - - - - - - - - - P - - - - - - -
16 - - - - - - - - G - - - - - - - - - - -
17 - - - - - - - - - - - - - - - D Q E - -
18 - - - - - - - - - - - - P - - - Q - - R
19 - V - - - - - A - - - - - - - - - - - -
20 - - - - - - - - - T S - - - - - - - - -
21 I - L - - - - - - - - - - - - - - - - -
22 I - - - - - - - - T S - - - - - - - - -
23 - - - - C - - - - - - - - - - - - - - -
24 - - - - - - - - - - - - - - - - - - K R
CDR1
25 - - - - - - - A - - S - - - - - - - - -
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IGKV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
26 - - - - - - - - - - S - - - - - - - - R
27 - - - - - - - - - - - - - - - - Q - - -
28 - - - - - - - - G - S - - - - D - - - -
29 I V L - - - - - - - - - - - - - - - - -
37 - - - - - - - - - T S - - - N - - - - -
38 - - - - - - W - - - - Y - - - D - - - -
39 - - L - - M - - - - - - - - - - - - - -
40 - - - - - - - A G - - Y - - N - - - - -
FR2
41 - - - - - - W - - - - - - - - - - - - -
42 - - - F - - - - - - - Y - - - - - - - -
43 - - L - - - - - - - - - - - - - Q - - -
44 - - - - - - - - - - - - - - - - Q - - -
45 - - - - - - - - - - - - - - - - - - K R
46 - - - - - - - A - - - - P - - - - - - -
47 - - - - - - - - G - - - - - - - - - - R
48 - - - - - - - - - - - - P - - - Q - K -
49 - V - - - - - A - - S - - - - - - - - -
50 - - - - - - - - - - S - P - - - - - - -
51 - - - - - - - - - T - - - - - - Q - K R
52 - - L - - - - - - - S - - - - - - - - R
53 I - L - - - - - - - - - - - - - - - - -
CDR2
54 I - L - - - - - - - - - - - - - - - - -
55 - - - - - - - - - - - Y - - - - Q - - -
56 - - L - - - - A G - - - - - - D - E K -
57 I V - - - - - A - - - - - - - - - - - -
65 - - - - - - - - - T S - - - - - - - - -
66 - - - - - - - - - T S Y - - N - - - - -
67 - - L - - - W - - - - - - - - - - - - R
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IGKV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
68 - - - F - - - A - - - - - - - D Q E - -
FR3
74 - - - - - - - A - - S - P - - D - - - -
75 - - - - - - - - - - - - - - - - - - K R
76 - - - F - - - - - - - - - - - - - - - -
77 - - - - - - - - - - S - - - - - - - - -
78 - - - - - - - - G - - - - - - - - - - -
79 - - - - - - - - - - S - - - - - - - - -
80 - - - - - - - - G - - - - - - - - - - -
83 - - - - - - - - - - S - P - - - - - - -
84 - - - - - - - - G - - - - - - - - - - -
85 - - - - - - - - - T - - - - - - - - - R
86 - - - - - - - - - - - - - - - D - E - -
87 - - - F - - - - - - - Y - - - - - - - -
88 - - - - - - - - - T - - - - - - - - - -
89 - - L F - - - - - - - - - - - - - - - -
90 - - - - - - - - - T - - - - - - - - K -
91 I - - - - - - - - - - - - - - - - - - -
92 - - - - - - - - - - S - - - N - - - - -
93 - - - - C - - - - - S - - - - - - - - R
94 - V L - - - - - - - - - - - - - - - - -
95 - - - - - - - - - - - - - - - - Q E - -
96 - - - - - - - A - - S - P - - - - - - -
97 - - - - - - - - - - - - - - - D - E - -
98 - - - - - - - - - - - - - - - D - - - -
99 I V - F - - - - - - - - - - - - - - - -
100 - - - - - - - A G - - - - - - - - - - -
101 - V - - - - - - - T - Y - - - - - - - -
102 - - - - - - - - - - - Y - - - - - - - -
103 - - - F - - - - - - - Y - - - - - - - -
104 - - - - C - - - - - - - - - - - - - - -
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IGKV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
CDR3
105 - - L - - M - - - - - - - - - - Q - - -
Table 2.9: The amino acids contributing most to a diversity of order 1 separated by
hydrophobicity for Vλ. The amino acid appearing in red indicates that amino acid as
contributing to diversity, based on the result of the metric.
FR1
1 - - L - - - - - - - S - - - - - Q - - -
2 - - - - - - - A - T S Y P - - - - - - -
3 - V - - - - - A G - - - - - - - - E - -
4 - V L - - - - - - - - - - - - - - - - -
5 - - - - - M - - - T - - - - - - - - - -
6 - - - - - - - - - - - - - - - - Q - - -
7 - - - - - - - - - - - - P - - - - E - -
8 - - - - - - - A - - S - P H - - - - - -
9 - - - - - - - A - - S - - - - - - - - -
11 - V L F - - - A - - - - - - - - - - - -
12 - - - - - - - - - T S - - - - - - - - -
13 - V - - - - - A G - - - - - - - - E K -
14 - - - - - - - A - T S - - - - - - - - -
15 - - L - - - - - - T - - P - - - - - - -
16 - - - - - - - - G - - - - - - - - - - R
17 - - - - - - - A G - - - - - - - Q - K -
18 - - - - - M - - - T S - - - - - - - - R
19 I V - - - - - A - - - - - - - - - - - -
20 - - - - - - - - - T - - - - - - - - K R
21 I - L F - - - - - - - - - - - - - - - -
22 - - - - - - - - - T S - - - - - - - - -
23 - - - - C - - - - - - - - - - - - - - -
24 - - - - - - - A G T S - - - - - - - - -
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IGLV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
CDR1
25 - - L - - - - - G - S - - - - - - - - -
26 - - - - - - - - - T S - - - N D - - - R
27 - - - - - - - A - - S - - - N - - - - -
28 I - L - - - - - G - S - - - N - - - - -
29 I - - - - - - A G - S Y P H N D - - - -
37 - - - - - - - - - - - Y - H N - Q - K -
38 I - L - - - - A G - S Y - - - D - - - R
39 I V - - - - - A - - - - P - - - - - - -
40 - - - - - - - A - - S Y - H N D - - - R
FR2
41 - - - - - - W - - - - - - - - - - - - -
42 - - - F - - - - - - - Y - H - - - - - -
43 - - - - - - - - - - - - - - - - Q E - -
44 - - - - - - - - - - - - - - - - Q - - -
45 - - L - - - - - - - - - P H - - Q - K R
46 - - - - - - - - - - - - P - - - Q - - -
47 - - - - - - - - G - - - - - - - - E - -
48 - - - - - - - - - T S - - H - - Q - K -
49 - - - - - - - A G - - - P - - - - - - -
50 - - - - - - - - - - - - P - - - - - - -
51 - V - - - - - - - - - - - - - - Q - K R
52 - - L - - - - - - T - Y - - - - - - - -
53 I V L - - M - - - - - - - - - - - - - -
CDR2
54 I - L - - M - - - - - - - - - - - - - -
55 - - - - - - - - - - - Y - - - - - - - R
56 - V L - - - - - G - S Y - - - D - E K R
57 - V - - - - - - G T - - - - N D - E K -
65 - - - - - - - - - - S Y - - N - - - K -
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IGLV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
66 - - - - - - - - G - S - - - N D Q E K -
67 - - - - - - - - - - - - - - - - Q - K R
68 - - - - - - - - G - - - P H - - - - - -
FR3
74 - - - - - - - - - - S - - - N D - E - -
75 - - - - C - - - - - - - - - - - - - - R
76 - - L F - - - - - - - - - - - - - - - -
77 - - - - - M - - - - S - - - - - - - - -
78 - - - - - - - A G - - - - - - - - - - -
79 - - L - - - - - - - S - - - - - - - - -
80 I - L - - - - - - - S - - - N - - - K -
83 - - L - - - - - - - S - - - - - - - - -
84 - - - - - - - A G - - - - - - - - - - -
85 - - - - - - - A G T - - - - N - - - - -
86 - - - - - - - A - T S - - - - D - - K -
87 - - - - - - - A G - - - - - - - - - - R
88 I - - - - - - A - T S Y - - - - - - - -
89 - - L - - - - - - - - - - - - - - - - -
90 - - L - - - - A - T - - - - - - - - - -
91 I - L - - - - - - - - - - - - - - - - -
92 - - - - - - - - - T S - - - - - - - K -
93 - - - - - - - - G - - - - - N - - - - R
94 I V L - - - - A - - - - - - - - - - - -
95 - - - - - - - - - - - - - - - - Q E - -
96 - V - - - - - A - T S - P - - - - - - -
97 - - - - - - - - G - - - - - - D - E - -
98 - - - - - - - - - - - - - - - D - - - -
99 - - - - - - - - - - - - - - - - - E - -
100 - - - - - - - A - - S - - - - - - - - -
101 - - - - - - - - - - - - - - - D - E - -
102 - - - - - - - - - - - Y - - - - - - - -
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IGLV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
103 - - - - - - - - - - - Y - H - - - - - -
104 - - - - C - - - - - - - - - - - - - - -
CDR3
105 - - L - C M - A G - S Y - - - - Q E - -
Table 2.10: The amino acids contributing most to a diversity of order 1 separated by
hydrophobicity for Vα. The amino acid appearing in red indicates that amino acid as
contributing to diversity, based on the result of the metric.
FR1
1 - - - - - - - A G T S - - - - D Q E K -
2 - - - - - - - A - - - - - - - D Q E K -
3 - - L - - - - - - T S - - - N - Q E K -
4 I V L - - - - - - - - - - - - - - - - -
5 - V - - - - - - G T - - - - - - - E K -
6 - - L - - - - - - - - - - - - - Q - - -
7 - - L - - M - - - T S - P H N D - - - -
8 - - - - - - - - - - S - P - - D Q E - -
9 I - L - - - - - G T S - P H - - Q E - -
11 I V L - - M - - - - - - - - - - - - - -
12 I V - F - - - - - T S - - H N D - - - R
13 I V L - - - - A - - S - - - - - - - - -
14 - - - F - - - A - - S - P H - - Q - - -
15 - - - - - - - - - - - - - - - - - E K -
16 - - - - - - - A G - - - - - - - - E - -
17 - - - - - - - A G - - - - - - D - E K R
18 I V L F - - - A - T S - P - N D - - - -
19 - V L - C - - A - T S - - - - - - - - -
20 I V L - - - - - - T S - - - N - Q E - -
21 I V L - - M - - - - - - - - - - - - - -
22 - - - - - - - - - T S Y P - N - - - K R
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TRAV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
23 - - - - C - - - - - - - - - - - - - - -
24 - - - - - - - A - T S - - - N - - - - -
CDR1
25 - - - - - - - - - - S Y - H - - - - - -
26 - - - - - - - - - T S - - - - D Q E - -
27 - V - - - - - A - T S Y - - N D - - - -
28 I - - - - - - - G T S - - - - - - - - R
29 I V L F - - - A G - S Y - - N D - E - -
37 - V - - - - - A - - S Y P - N D Q - - R
38 - - - - - - - A G - S Y - - N - - - - -
39 I - L F - - - - - - - - - - - - - - - -
40 - - L F - - - - - - - Y P H - - Q - - -
FR2
41 - - - - - - W - - - - - - - - - - - - -
42 - - - F - - - - - - - Y - - - - - - - -
43 - V L - - - - - - - - - - - - - Q - K R
44 - - - - - - - - - - - - - H - - Q - - -
45 I - - F - - - - - - S Y P H N D - E - -
46 - - L - - - - - - - S - P H - - - - K -
47 - - - - - - - A G - S - - - N - - - - R
48 - - - - C - - A G - - - - - - - Q E K R
49 - - - - - - - A G - - - P - - - Q E - -
50 - - L - - M - - - - - - P - - - - - - -
51 I V - - - - - - - T - - - - - - Q E K -
52 - - L F - - - - - - S Y - - - - - - - -
53 I V L - - - - - - - - - - - - - - - - -
CDR2
54 I V L F - M - - - - S - - - - - - - - -
55 - V L - - M - A - T S Y - H - D - - K R
56 I V L - - M - A G T - Y - - N - Q - - -
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TRAV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
57 I V L F - - - - G T S Y - - - - Q E - R
65 - V L - - - - - - - - - P - N D - E K -
66 - - - - - - - A G - - - - - N - Q E K -
67 - - - - - - - - G T S - - - N - Q E K R
68 I - L - - - - - - - S - - H N D Q E K -
FR3
74 - - - - - - - - G - - - - - N - Q E K -
75 - - - - - M - - G - - - - - - - - - - R
76 I - L F - - - A - - - Y - - - - - - - -
77 - - - - C - - A - T S - - - N - - E K -
78 - V L F - - - A - - S - - - - - - - - -
79 I - L F - - - A - T S - - - N - Q E - -
80 I - L F - - - - - - - Y - - - - - - - -
83 - - - - - - - A - T S - - - - D - E K -
84 - - L - - - - A - T S - - - - D Q E K R
85 - - - F - - - - G T S - - - - - Q - K -
86 - - - - - - - - - - S Y - H - D Q E - -
87 I - L F - - - - - - S - - - - - - - - -
88 I - - F - - - - - T S Y - H N - - - - -
89 - - L F - - - - - - - - - - - - - - - -
90 I V L - - - - - - T - Y - H N - Q E K R
91 I - L - - - - - - - - - - - - - - - K -
92 - - - - - M - A G T S - P - - - - - K R
93 - - - - - - - A G - S - - H - D - E - -
94 - V - - - - - A - T S - P - - - - - - -
95 - - - - - - - - - T - - - H - - Q - K -
96 - V L - - M W - - T - - P - - - - E - -
97 - - - - - - - A G - S - - - - - - E K R
98 - - - - - - - - - - - Y - - - D - - - -
99 - - - - - - - A - T S - - - - - - - - -
100 - - - - - - - A G - - - - - - - - - - -
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TRAV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
101 I V - - - M - - - T S - - - - - - E - -
102 - - - - - - - - - - - Y - - - - - - - -
103 - - L F - - - - - - - Y - - - - - - - -
104 - - - - C - - - - - - - - - - - - - - -
CDR3
105 - V - - - - - A - - - - - - - - - - - -
Table 2.11: The amino acids contributing most to a diversity of order 1 separated by
hydrophobicity for Vβ. The amino acid appearing in red indicates that amino acid as
contributing to diversity, based on the result of the metric.
FR1
1 - - - - - - - A G - S - - - N D - E - -
2 - - - - - - - A - T S - - - - - - - - -
3 - V - - - M - - G - - - - - - - - E - -
4 I V - - - - - - - - - - - - - - - - - -
5 I - - - - - - A - T S - - - - - - - - -
6 - - - - - - - - - - - - - H - - Q - - -
7 - - - - - - W - - T S - - H N - - - - -
8 - - - - - - - - - - S - P - - - - - - -
9 - - - - - - - - - T S - - - - - - - K R
11 - V L - - - - - - - - - - - - - Q E K R
12 I V - F - - - - - - - - - - - - - - - -
13 I - L - C M - - - T - - - - - - - - K R
14 - - - - - - - A G T - - - - - - Q E K -
15 I - - F - M - - - T S - - - - - - E K R
16 - - - - - - - - G T - - - - - - - - - -
17 - - - - - - - - - T - - - - N - Q - K R
18 - - - - - - - - - T S Y P - N D Q E K R
19 - V - - - M - A - - - - - - - - - - K -
20 - - - - - - - A - T S - - - - - - E K -
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TRBV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
21 I - L F - - - - - - - - - - - - - - - -
22 - - - - - - W A - - S - - - - - Q E K R
23 - - - - C - - - - - - - - - - - - - - -
24 - - - - - - - A - T S - - H N D Q E K R
CDR1
25 - V - - - - - - - - S - P - - - Q - - -
26 I - L - - - - - - T - - - H N D - E - -
27 - - L - - M - - G - S - - - - D - - K -
28 - - - F - - - - G - - - - - N - - E - R
29 - - - - - - - - - - - - - H - - Q - - -
37 - V L - - - - A - T S - - - N D - E - R
38 - V - - - - - A - T S Y - - N - - - - R
39 - V L F - M - - - - - - - - - - - - - -
40 - - - F - - - - - - S Y - - - - - - - -
FR2
41 - - - - - - W - - - - - - - - - - - - -
42 - - - - - - - - - - - Y - - - - - - - -
43 - - - - - - - - - - - - - - - - Q - K R
44 - - - - - - - - - - - - - - - - Q - - R
45 I V - F - - - A G T S - - - N D - - K -
46 - - L - - M - A - - - - P - - - - - - -
47 - - - - - M - - G - - - - - - - - - K -
48 - - L - - M - - - - - - - - - - Q - K R
49 - - - - - - - - G - S - P - - - - E - -
50 - - L F - - - - - - - - P - - - - - - -
51 - - - - - M - - - T - - - - - - Q E K R
52 I - L F - - - - - - - - - - - - - - - -
53 I - L - - M - - - - - - - - - - - - - -
CDR2
54 I V - F - - - A - T - Y - H - - - - - -
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TRBV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
55 - V - - - - - - - T S Y - H - - Q - - -
56 - - - F - - - A - - S Y - - - - - - - -
57 - V - F - - - A - - S Y - - N - Q E - -
65 I V - F - - - A G T - - P - - D Q E - R
66 I V L F - - - - - T - - P - N - Q - - R
67 I - - - - - - - G - - Y - - N D - E - -
68 - - - - - - - - - - - - - - N D - E K R
FR3
74 - - - - - - - - - - S - - - N D - E - -
75 - - - - - - - - G - - - - - N - - - K R
76 - - L F - - - - - - - Y - - - - - - - -
77 - - L F - - - - - - S - - - N - - - - -
78 I V - - - - - A G - - - P - - - - - - -
79 - - - - - - - - - - S - - - N - Q E K R
80 - - - - C - - - - - - - - H - - Q - - R
83 - - - - - - - - G T S - P - N D Q E K -
84 - - L - - - - A G T S - - - N D - - K -
85 - V - - - - - A - T S Y - - - - - E - R
86 I V L F - - - - - - S - P H N D Q - - R
87 - - L F C - - - - - S - - - - - - - - -
88 I - - F - - - - - T S - P - - - - E - -
89 - - L - - M - - - - - - - - - - - - - -
90 - - - - - - - - - T S - - H N D - E K R
91 I V L - - - - - - - S - - - - - - - - -
92 - - - - - - - - - T S - - H N - Q E K R
93 - - L - - - - A - T S - P - - - - - - R
94 - - L - - - - A - T S - P - - - - - - -
95 - - L - - - - A G - S - - H - - Q E K -
96 - - L - - - - - - - S - P - - - Q - K -
97 - - - - - - - - G - S - - - N - - E - R
98 - - - - - - - - - - - - P - - D Q - - -
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TRBV Hydrophobic Neutral Hydrophilic
Position I V L F C M W A G T S Y P H N D Q E K R
99 - - - - - - - - - T S - - - - - - - - -
100 - - - - - - - A G - S - - - - - - - - -
101 I V L F - M - - - - - - - - - - - - - -
102 - - - - - - - - - - - Y - - - - - - - -
103 I - L F - - - - - - - - - - - - - - - -
104 - - - - C - - - - - - - - - - - - - - -
CDR3
105 - - - - - - - A - - S - - - - - - - - -
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Figure 2.1: The diversity of order 1 with a window length of 1. (a) The diversity at
each residue for VH ( ,#), Vκ ( ,3), and Vλ ( ,2). The positions in the upper
quartile are indicated in red. CDRs are highlighted on the position axis by blue bars, where
CDR1 is the rst bar, CDR2 is the second bar, and so on. (b) The diversity at each residue
for Vβ ( ,#) and Vα ( ,3). (c) The overall weighted mean for order 1 diversity of
VH (leftmost set), Vκ (center set), and Vλ (rightmost set). The left bar in each set represents
the weighted mean for all CDRs (white) while the right bar represents the weighted mean
for the FR region (gray). The error bars represent one weighted standard deviation above
and one below the mean. (d) The overall weighted mean for diversities of Vβ (left set) and
Vα (right set).
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Figure 2.2: The ranked diversity of order 1 with a window length of 1. (a) The ranked
diversity for VH . The black line represents the diversity at each position sorted by diversity,
while the red points (#) represents a value found in a CDR. (b) The ranked diversity for Vκ.
(c) The ranked diversity for Vλ. (d) The ranked diversity for Vβ. (e) The ranked diversity
for Vα.
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Figure 2.3: Diversity of order 1 overlapping positions in BCR and TCR germline se-
quences. (a) Overlapping positions for window length 1. The top line represents the
overlapping positions across the BCR sequences, while the bottom line represents the
same for TCR sequences. The CDR is highlighted in blue, while the red # are positions
that are above the upper quartile and the black # are positions that are below the lower
quartile. (b) Overlapping positions for window length 3.
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Figure 2.4: The diversity with a window length of 3. (a) The diversity of order 1 at each
residue for VH ( ,#), Vκ ( ,3), and Vλ ( ,2). (b) The diversity for order 1
at each residue for Vβ ( ,#) and Vα ( ,3). The positions in the upper quartile
are indicated in red, while the next 10% maximal values below the upper quartile are
indicated in blue. (c) The overall weighted mean for order 1 diversity of VH (leftmost set),
Vκ (center set), and Vλ (rightmost set). The left bar in each set represents the weighted
mean for all CDRs (white) while the right bar represents the weighted mean for the FR
region (gray). The error bars represent one weighted standard deviation above and one
below the mean. (d) The overall weighted mean for diversities of Vβ (left set) and Vα (right
set).
Chapter 2: Conserved variation 2.5 Conclusion
50
D
iv
er
si
ty
 
(0)
0
10
20
30
40
50
60
Position
1 9 19 28 43 52 68 83 92 101
Position
1 9 19 28 43 52 68 83 92 101
(c) (d)
(a) (b)
Position
1 9 19 28 43 52 68 83 92 101
Position
1 9 19 28 43 52 68 83 92 101
0
10
20
30
40
50
60
0
10
20
30
40
D
iv
er
si
ty
 
(2)
0
10
20
30
40
Figure 2.5: The diversity with a window length of 3 at orders 0 and 2. (a) The diversity of
order 0 at each residue for VH ( ,#), Vκ ( ,3), and Vλ ( ,2). (b) The diversity
for order 0 at each residue for Vβ ( ,#) and Vα ( ,3). (e) The diversity of order
2 at each residue for VH ( ,#), Vκ ( ,3), and Vλ ( ,2). (f) The diversity for
order 2 at each residue for Vβ ( ,#) and Vα ( ,3).
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Figure 2.6: The fraction of the rarefaction curve that plateaus for a window length of
1. Each position represents a curve, where the fraction is how much of the curve stays
within 5% of the height of the curve. (a) The fractions for VH . (b) The fractions for Vκ. (c)
The fractions for Vλ. (d) The fractions for Vα. (e) The fractions for Vβ.
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Figure 2.7: The fraction of the rarefaction curve that plateaus for a window length of
3. Each position represents a curve, where the fraction is how much of the curve stays
within 5% of the height of the curve. (a) The fractions for VH . (b) The fractions for Vκ. (c)
The fractions for Vλ. (d) The fractions for Vα. (e) The fractions for Vβ.
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Figure 2.8: The fraction of the rarefaction curve that plateaus for a window length of
3. Each position represents a curve, where the fraction is how much of the curve stays
within 5% of the height of the curve. (a) The fractions for VH . (b) The fractions for Vκ. (c)
The fractions for Vλ. (d) The fractions for Vα. (e) The fractions for Vβ.
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Figure 2.9: The ranked diversity of order 1 with a window length of 3. (a) The ranked
diversity for VH . The black line represents the diversity at each position sorted by diversity,
while the red points (#) represents a value found in a CDR. (b) The ranked diversity for Vκ.
(c) The ranked diversity for Vλ. (d) The ranked diversity for Vβ. (e) The ranked diversity
for Vα.
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Figure 2.10: The diversity order 1 with a window length of 3 sliding from 3’ to 5’. (a)
The diversity at each residue for VH ( ,#), Vκ ( , 3), and Vλ ( , 2). (b) The
diversity at each residue for Vβ ( , #) and Vα ( , 3). (c) The overall weighted
mean for order 1 diversity of VH (leftmost set), Vκ (center set), and Vλ (rightmost set). The
left bar in each set represents the weighted mean for all CDRs (white) while the right bar
represents the weighted mean for the FW region (gray). The error bars represent one
weighted standard deviation above and one below the mean for each average.(d) The
overall weighted mean for diversities of Vβ (left set) and Vα (right set).
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Figure 2.11: Allelic diversity of order 1 within each gene at each residue. (a) Allelic
diversity for BCR repertoires at a window length of 1. Genes with a diversity no greater
than 1 were excluded from this gure. The mean diversity for all genes is indicated by
a line for VH (red, ), Vκ (green, ), and Vλ (blue, ). For each repertoire, a
mean diversity of 0 represents no gene containing fragments at that position have more
than one type of fragment. Each individual gene (#) is jittered to show the genes from
each repertoire. (b) Allelic diversity within each gene at each residue for TCR repertoires
at a window length of 1. The mean diversity for all genes is indicated by a line for Vβ (red,
) and Vα (cyan, ). (c) Allelic diversity for BCR repertoires at a window length
of 3. The mean diversity for all genes is indicated by a line for VH (red, ), Vκ (green,
), and Vλ (blue, ). (d) Allelic diversity within each gene at each residue for TCR
repertoires at a window length of 3. The mean diversity for all genes is indicated by a line
for Vβ (red, ) and Vα (cyan, ).
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Figure 2.12: The hydrophobicity characterizations for all repertoires at all positions for
orders 1 to 3. The red text over a tile signies that position as being in the upper quartile
of diversity for order 1 and its value is the text itself. The blue line on the x-axis indicates
CDR1, CDR2, and CDR3 respectively.
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Chapter 3: Germline amino acid diversity in B cell receptors is a good
predictor of somatic selection pressures54
Recall the three scales discussed in this dissertation: germline potential, somatic kinesis,
and clonal collision. From the diversity of the germline genes to the post V(D)J scale with
introduced mutations and the competition of B cell clusters, the entire scenario is a complex
network comprised of countless moving parts. Chapter 2 introduced the concept of “true”
diversity and applied this rigorous metric to the germline potential slice – the germline V
gene repertoire. In doing so, the analysis revealed a more descriptive map of diversity at each
residue in the receptor, clearly laying out the potential for change at each location.
The next level in the complete picture is somatic kinesis – the introduction of gene usage
and pairings from V(D)J recombination, somatic hypermutation, and competition. This layer
is now in movement, as the starting genes are constantly being pumped into the system and
altered depending on the antigens in the system. There are naive B cells with the base recom-
bined receptors, responding B cells that are rapidly proliferating and introducing mutations
into their progeny, memory B cells that express receptors from infections long past that can
also be responding or patrolling, and more. The amount of diversity gained from just the
germline potential to both the germline potential and somatic kinesis is quite large. While
encapsulating the diversity of somatic kinesis is dicult to accomplish, there happens to be a
very helpful observation which allows for the prediction of the survival of a mutation. That is,
there is a link between germline potential and somatic kinesis.
This chapter exposes that underlying connection between the two scales through a diversity
analysis of each respective repertoire. By comparing the low and high diversity positions in
the germline and the amount of somatic hypermutation occurring in peripheral blood B cells,
I am able to predict how selection behaves. This link suggests a greater need for the BCR to
maintain its binding functionality and avoid self reactivity rather than diversify as much as
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possible. On an even higher level, the evidence presented here suggests that the repertoire
must also maintain its positional diversity and not become too changed due to clonal shift – a
rst attempt at a quantication of clone collision.
The results from this chapter directly lead into future research that we are currently carrying
out – how positional diversity varies in dierent populations. As it turns out, the diversity
at each position is highly correlated between populations and ages, even across dierent
sequencing techniques. This further supports the hypothesis of the need for a functional
receptor’s structure outweighing the need for diversity. More specically, by looking at the
amino acid changes from the germline to the somatic levels, there is a clear amino acid bias in
that many expected mutations are ignored, resulting in a puried shift in usage.
While this chapter provides a quantication of the relationship between germline potential
and somatic kinesis, here I only briey touch on clone collision through predictions of clonal
shift. In fact, due to limitations of solely using positional diversity, some clonal trends might
not even be seen due to the complexity of the system. The next chapter, Chapter 4, proposes
a novel technique that broadens the scope of the analysis to include subsequences, rather than
single residues, and the trends that occur between repertoires of seemingly unrelated clones.
3.1 Abstract
The diversity of the immune repertoire is important for the adaptive immune system’s ability
to detect pathogens. Much of this diversity is generated in two steps, rst through the recom-
bination of germline gene segments and second through hypermutation during an immune
response. While both steps are to some extent based on the germline level repertoire of
genes, the nal structure and selection of specic receptors is at the somatic level. How
germline diversity and selection relate to somatic diversity and selection has not been clear.
To investigate how germline diversity relates to somatic diversity and selection, we considered
the published repertoire of Ig heavy chain V genes taken from the blood of 12 individuals,
post-vaccination against inuenza, sequenced by 454 high-throughput sequencing. We here
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show that when we consider individual amino acid positions in the heavy chain V gene se-
quence, there exists a strong correlation between the diversity of the germline repertoire at a
position and the number of B cell clones that change amino acid at that position. At the same
time, we nd that the diversity of amino acids used in the mutated positions is greater than in
the germline, albeit still correlated to germline diversity. From these ndings, we propose that
while germline diversity and germline amino acid usage at a given position do not fully specify
the amino acid mutant needed to promote survival of specic clones, germline diversity at a
given position is a good indicator for the potential to survive after somatic mutation at that
position. We would therefore suggest that germline diversity at each specic position is the
better a priori model for the eects of somatic mutation and selection, than simply the division
into complementarity determining and framework regions.
3.2 Introduction
The adaptive immune system’s ability to react to disease is based on the diversity of its immune
repertoire. In the case of B cells, this diversity is generated in two rounds: the recombination of
germline gene segments (V, D and J for heavy chains and V and J for light chains) to create the
B cell receptor (BCR),8–10 as well as somatic hypermutation during an immune response21–23.
In both cases, these diversication processes are coupled with stringent somatic selection
based on the binding anity of the BCR55. Thus, while the initial state of the BCR is at least
somewhat based on an individual’s germline genes, the nal structure of specic BCR mutants
is based on somatic selection processes related to the binding anity of the BCR. It remains
unclear how selection and diversity at the germline level relate to selection at the somatic level.
In this analysis, we demonstrate a link between the diversity and selection at the germline and
somatic levels for V genes.
The germline genes encoding the dierent regions of the BCR are themselves diverse,
even before considering the diversication produced from the recombination of dierent
gene segments. Specically in V genes, this diversity is non-uniformly spread across the gene
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sequence. Some positions always utilize the same amino acid in all V genes while others can
utilize many dierent amino acids. This dierential diversity is considered an indicator of the
functional role of each position in the eventual tertiary structure of the receptor. Variable
regions of the V gene sequences, called complementarity determining regions (CDR), are
thought to be those that encode regions which interact with antigens, while the more invariant
positions, called framework regions (FR), are proposed to be involved in the backbone of the
receptor26. It has been generally thought that somatic selection segregates along these two
regions. Positive selection is thought to occur in the CDR, while mutations in the FR were
mostly debilitating to anity and lethal to the cell22. It is now clear that this segregation is
not strictly true —positively selected key mutations can be found in the FR56 and negative
selection can be seen in mutations throughout the sequence57.
Previously, the diversity measurements of the receptors were based on diering diversity
indexes with varying appropriateness and on partial sets of germline and mutant sequences1,26.
We directly measured the “true” diversity of light chain V genes and heavy chain V genes (VH )
based on the entire known BCR germline repertoire as found in the IMGT Ig gene database44,45.
We demonstrated that the pattern of diversity in all V genes is non-uniform, withmost positions
showing a low level of diversity (2-5 relevant amino acids) and a few exhibiting higher levels of
diversity (up to 10 relevant amino acids). If we rank all the positions in the sequence by their
diversity, we can explicitly show that while the CDR is enriched for high diversity positions,
many CDR positions have diversities as low as those found in FR and some FR positions have
quite a high diversity44. We previously suggested that it is the diversity of positions, not solely
their association with the contiguous CDR or FR positions, which determines their functional
role and the consequence of mutation.
The diversity of positions in the germline repertoire of V genes is the result of evolutionary
selection of individuals and their progeny. The process of anity maturation is based on
somatic mutation and selection. It has thus far been unclear how these two processes of
selection are related and if they can be connected at the V gene sequence level. To study this
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possible relationship, we considered a published dataset of ∼ 17,000 recombined BCR VH
gene sequences from 12 individuals58. We divided sequences by their clonotypes, identifying
the clonal origin for each recombined sequence. In this way we could now count how many
times each position was mutated in the repertoire. Comparing the number of individual times
a position was mutated to its germline diversity44, we found that while synonymous mutations
were evenly spread across all positions, there was a clear positive correlation between the
number of times a position had a mutated amino acid and that position’s diversity in the
germline repertoire. From this we conclude that the diversity at the germline level is an
indication for the potential for somatic harm as a result of mutation. The diversity of each
specic position is a more direct measure of the functional consequence of mutation and
selection at the somatic level than a mere division into CDR and FR.
3.3 Materials andMethods
3.3.1 Sequences analyzed
We analyzed the amino acid and nucleotide sequences of Homo sapiens BCR recombined
VH genes58. The sequences came from twelve healthy individuals post-vaccination against
inuenza58. The individuals came from two age cohorts: 6 young (age range 19-45) and 6
old (age range 70-89). Sequences were acquired at days 0, 7, and 28 post-vaccination and
included both IgG, IgM, and IgA class switched receptors. We divided the sequences into
clones by fully aligning their nucleotide sequences to the germline V, D and J genes from the
IMGT Ig database45. All sequences that shared the same germline source (V, J, and CDR3
length) were considered to be from the same clone. We ltered out sequences with >= 30
nucleotide point mutations from the germline. This alignment resulted in the identication of
17,553 sequences divided into 9,482 clones. Due to sequencing issues in the original dataset,
we only analyzed the sequences from position 25 and on. IMGT numbering leaves gaps in
order to remain consistent with all V genes. Also, the length of V genes is not always identical.
Therefore, we only calculated germline diversity for amino acid positions 25 –30, 35 –59, 63
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–72, and 74 –106, leaving us with 74 positions in the analysis. These positions were veried
for adequate sampling by the use of rarefaction curves at each position52. We considered a
position viable if more than 99% of the curve consisted of a richness of >= 95% of the height
of the curve44. These curves rule out the possibility of having too many gaps in the germline
repertoire.
We calculated the germline diversity per amino acid position using BCR VH genes collected
from IMGT as in44. We ltered out non-functional, partial, and duplicate sequences for the
analysis. All sequences were numbered according to the IMGT unique numbering system
based o of the universal alignment provided by IMGT45. We dened CDR and FR positions
as in51.
3.3.2 Diversity measures
We measured the diversity of amino acids per position as in44 with an order of diversity equal
to 1. The process of measuring diversity is dependent on the order, or “Hill number”32, we
use during calculations. While measuring the eective number of species, the order aects
the inuence of the sample abundances. An order of 0 does not consider abundances, thus all
types are considered equally (this is equivalent to the number of dierent types, also called
“richness”). An order lower than 1 gives greater weight to rare species, while an order greater
than 1 gives greater weight to common species. When the order is 1, the eective diversity is
determined without any bias31. We previously described the result of analyzing the diversity
of the dierent amino acid positions in the V gene germline repertoire at dierent orders of
diversity44. We decided here to focus on the order of 1 as we found no a priori reason to bias
towards either the more commonly used amino acids at each position or towards the rare
amino acids.
At each position p, the number of amino acids at that position was Np and the richness of
the amino acids at that position was Rp.
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The measure of diversity used for these positions was “true” diversity qDp, where
qDp ≡
( Rp∑
i=1
pi
q
p
)(1/1−q)
(3.1)
and q is the order of diversity and pi is the frequency of amino acid i31,32. At q = 1, equation 3.1
does not exist, however the limit as q approaches 1 is
1Dp ≡ exp
(
−
Rp∑
i=1
pip ln pip
)
(3.2)
3.3.3 Denition of position categories
For every amino acid position, we counted —across all clones from any time point and person
—the number of times a position changed amino acids and how many times that position
maintained its amino acid from the germline. If a position was found to change into several
amino acids in a single clone, that position was counted once for each dierent amino acid.
The cases where amino acids were maintained relative to the germline were in some cases
further divided into non mutated and synonymous mutations. The amino acids collected in
each category (changed, maintained, or synonymous mutation) were then further analyzed for
their diversity and amino acid composition tendencies.
3.3.4 Correlations of diversity in germline positions versus changed
or maintained amino acid position categories.
Using a two sided Spearman’s rank correlation test, we assessed the correlation of germline
diversity of human VH genes, as calculated in44, with the counts and diversities of the three
categories (changed amino acid, maintained amino acid, and synonymous mutation) described
above.
3.3.5 Amino acid usage analysis
We assessed if position categories were biased towards specic amino acid usage types. Fol-
lowing our denitions of Ig relevant amino acid categorization by hydrophobicity and tendency
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to be found on the surface of the receptor27,51, we categorized amino acids as hydrophobic
(IVLFCMW), neutral (AGTSYPH), and hydrophilic (NDQEKR)44. We then categorized a posi-
tion by how biased that position was to using amino acids from only one of these categories.
If a position used only amino acids from one category, that position was considered to be of
that type (i.e. a hydrophobic, a neutral, or a hydrophilic position). If the position had both
neutral and one other category of amino acids, that position would be considered a “weak”
version of that category (i.e. weak hydrophobic or weak hydrophilic). If there were amino
acids in all categories, then that position was considered indeterminate. In all instances, if a
position had a single amino acid in one category, and three or more in another category, the
single amino acid category was ignored44.
3.4 Results
3.4.1 Correlation of germline diversity to number of changed amino
acids per position
When comparing the germline diversity at each position —as calculated from the prototypical
IMGT database44 —and the number of unique changed amino acids at each position, we
nd that these two properties are highly positively correlated (ρ = 0.710, p = 1.41× 10−12).
This correlation holds true if we consider CDR (ρ = 0.676, p = 2.18× 10−4) and FR (ρ = 0.668,
p = 2.17× 10−7) positions separately and if we consider all positions as a whole (Figure 3.1).
While this correlation is monotonic, it is by no means strictly linear as the linear model
explains only ∼ %43 of variation in the extent of amino acid exchanges at the dierent
positions (r2 = 0.433). Interestingly, while in general the CDR positions with similar diversity
have more changed amino acids than most FR positions of similar germline diversity and the
linear ts to CDR and FR are distinct, FR and CDR positions are not clearly separated in this
plane (Figure 3.1).
The analysis with synonymous mutations shows no correlation (r2 = 1.87× 10−3, ρ = 0.232,
p = 0.0468) and similar mutation levels across the entire range of germline position diversities
and no dierence between CDR (r2 = 0.0322, ρ = −0.223, p = 0.273) and FR (r2 = 0.0127,
Chapter 3: Predicting somatic selection pressures 3.4 Results
66
25
26
27
28
29
30
35
36
37 38
39
40
41
42
43
44
45
4647
48
49
505152
53
54
55
56
57
58
59
63
64
65
66
67
68
69
70
71
72
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99100
101
102
103
104
105
106
0
1000
2000
3000
4000
5000
2.5 5.0 7.5 10.0
Germline Diversity (1)
N
um
be
r o
f U
ni
qu
e 
Ch
an
ge
d 
Am
in
o 
Ac
id
s
Figure 3.1: The number of unique changed amino acids versus the diversity of order 1
of the germline sequences per position. The points are labeled by their IMGT sequence
position number and if they are found in the CDR (red) or the FR (blue). The lines
represent linear regressions for all positions (black, r2 = 0.433), for FR positions (dashed
blue, r2 = 0.289), and for CDR positions (dotted red, r2 = 0.349). We found a signicant
positive correlation for all positions (ρ = 0.710, p = 1.41× 10−12). By correlating the
positions based on FR and CDR, we found a signicant positive correlation for both FR
(ρ = 0.668, p = 2.17× 10−7) and CDR (ρ = 0.676, p = 2.18× 10−4).
ρ = 0.289, p = 0.0466) positions (Figure 3.2). The results found using the diversity of the
germline repertoire were at the whole repertoire level. No division into certain germlines was
necessary and so the possibility for misidentication of the germlines by IMGT would have
little to no impact on the diversity at the repertoire level. Moreover, when splitting up the
analysis of clones by the germline they aligned with, there was no real dierence in between
dierent germlines and at the repertoire level (results now shown).
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Figure 3.2: The number of synonymous mutations versus the diversity of order 1 of
the germline sequences per position. We found no positive correlation with a at trend
(r2 = 1.87× 10−3, ρ = 0.232, p = 0.0468). When splitting by region, we found no correlation
for FR (r2 = 0.0127, ρ = 0.289, p = 0.0466) and CDR (r2 = 0.0322, ρ = −0.223, p = 0.273).
3.4.2 Correlation of germline diversity to changed or maintained di-
versity per position
We next looked to see how the actual amino acid diversity of the mutant repertoire at the
dierent positions related to the germline diversity. We found that themaintained positions had
a diversity that was essentially identical to that found in the IMGT based germline repertoire
(r2 = 0.947, ρ = 0.961, p = 7.52× 10−42) (Figure 3.3a). In the changed positions a more
complex pattern emerges. While overall we nd again that there is a positive correlation
between germline diversity and the diversity of the changed amino acids (r2 = 0.284, ρ = 0.359,
p = 1.70× 10−3), the range of diversity is much greater in the changed positions (Figure 3.3b).
This greater range of diversity is present in both CDR (r2 = 0.419, ρ = 0.580, p = 2.27× 10−3)
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and FR (r2 = 0.0347, ρ = 0.132, p = 0.371). However, when the FR is considered on its own this
leads to a lack of signicant correlation with germline diversity.
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Figure 3.3: The diversity of order 1 of the amino acids versus the diversity of order 1
for the germline sequences per position. (a) The diversity of order 1 amino acid usage in
amino acids positions. We found a signicant positive correlation (r2 = 0.947, ρ = 0.961,
p = 7.52× 10−42). We also found positive correlations when the positions were split by
region for FR (r2 = 0.970, ρ = 0.968, p = 3.67× 10−29) and CDR (r2 = 0.937, ρ = 0.880, p =
1.76× 10−6). (b) The diversity of order 1 amino acid usage of unique changed amino acids.
We found a positive correlation (r2 = 0.284, ρ = 0.359, p = 1.70× 10−3). When splitting
the positions by regions, however, FR did not correlate with the germline diversities
(r2 = 0.0347, ρ = 0.132, p = 0.371) while CDR did have a positive correlation (r2 = 0.419,
ρ = 0.580, p = 2.27× 10−3).
3.4.3 Changes in amino acid usage pattern
We categorized the amino acid usage patterns for each position. We found in the maintained
amino acid positions the biases towards using specic amino acid types are maintained. This
was especially true for the positions in the germline that had stricter categories of amino
acids usage bias. 13 out of 14 hydrophobic positions, 17 out of 19 neutral positions and 8
out of 10 hydrophilic positions retain the same bias in the maintained positions as in the
germline (Table 3.1). The positions with the more intermediate biases (weak hydrophobic
and weak hydrophilic) in the germline did not adhere as strictly to the same bias category but
tend to have changed to one of the neighboring biases. Weak hydrophobic becomes either
hydrophobic or neutral. Weak hydrophilic becomes either hydrophilic or neutral (Table 3.1).
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Looking now at the changed position we see that biases change much more (Figure 3.4). Most
positions simply become indeterminate (i.e. have no clear bias). However, it is interesting to
note that those positions that do have some bias exhibit either exactly the same bias as they
have in the germline repertoire or one that is similar (Table 3.1).
Table 3.1: Number of positions for each amino acid usage bias. The numbers in paren-
theses after the colon signify the classications of the respective positions in the germline
repertoire:
(Hydrophobic, Weak Hydrophobic, Neutral, Weak Hydrophilic, Hydrophilic, Indeterminate)
Category Germline Maintained Changed
Hydrophobic 14 16 : (13, 3, 0, 0, 0, 0) 7 : (6, 1, 0, 0, 0, 0)
Weak Hydrophobic 12 0 : (0, 0, 0, 0, 0, 0) 8 : (5, 2, 1, 0, 0, 0)
Neutral 19 27 : (0, 6, 17, 4, 0, 0) 2 : (0, 0, 2, 0, 0, 0)
Weak Hydrophilic 13 3 : (0, 0, 1, 2, 0, 0) 5 : (0, 0, 1, 3, 1, 0)
Hydrophilic 11 10 : (0, 0, 0, 1, 8, 1) 0 : (0, 0, 0, 0, 0, 0)
Indeterminate 5 18 : (1, 3, 1, 6, 3, 4) 52 : (3, 9, 15, 10, 10, 5)
3.5 Discussion
The specicity of B cell and T cell receptors, while based on genes in the germline, is ultimately
not of the germline template. Due to the imprecise nature of V(D)J recombination and, in B
cells, somatic mutation, the nal anity of each immune receptor is neither inherited nor
heritable. For this reason it is dicult to assess how germline diversity and its selection relate
to selection during an immune response and specically how they relate to the anticipated
outcome of somatic mutation during an immune response. We have previously shown that the
diversity of the germline V gene repertoire can be characterized by looking at the amino acid
diversity of individual positions in the V gene sequence44. The distribution of diversity is non-
uniform with most, but not all highly diverse positions being found in the CDR. Furthermore,
dierent positions show dierent biases towards the use of hydrophobic or hydrophilic amino
acids44. To contrast this picture of germline diversity with somatic changes, we have taken a
published sample of the human peripheral B cell repertoire following inuenza vaccination.
We divided all of the sequences in this dataset into their respective clones and counted the
number of times each position in the V gene sequence changed or maintained the amino acid
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Figure 3.4: Copy of Figure 3b annotated for amino acid usage bias. The coloring for
the labels signies whether that position is hydrophobic (red), weak hydrophobic (light
red), neutral (purple), weak hydrophilic (light blue), hydrophilic (blue), or indeterminate
(black), while a circle around the position indicates that the position shares the same
hydrophobicity bias as the equivalent germline position. All amino acids are changed.
found in the germline origin of its clone. By doing so, we could compare for each position
how it contributes to repertoire diversity and its selection when changed from its germline
and when it remained the same. Analyzing the maintained positions and their diversity allows
us to ask to what extent clonal shift changes the diversity of the repertoire from the germline
while analyzing the changed positions describes the eects of selection.
Starting with the maintained positions, we see that the germline diversity exhibited in
the prototypic repertoire in the IMGT database, which does not assume any specic biases
in VH usage, is recapitulated in even the small and clonally shifted snapshot of the immune
repertoire analyzed here. We nd a signicant linear correlation between germline diversity
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and that of positions with maintained amino acids (Figure 3.3a) and also clear conservation of
amino acid usage biases (Table 1). Thus, despite the fact that we analyzed ∼ 1000 clones per
person (out of potentially 1011 clones) with a signicant shift towards certain Vh genes, we
still identify more or less exactly the same diversity and amino acid usage as described by the
IMGT database. This suggests to us that clonal shift does not change the make up of amino
acid diversity in the B cell repertoire. Furthermore, the existing IMGT database of human V
genes represents this positional diversity well.
With regard to the changed positions, we nd that there is a signicant positive correlation
between the level of diversity in the germline at a specic position and the survival of clones
with changed amino acids at that position (Figure 3.1). Such a correlation suggests that
there is a relationship between the tendency to diversify a position at the germline level
over evolutionary time and the likelihood of mutants at those positions to survive somatic
mutation and selection. We do not nd any kind of correlation between germline diversity
and synonymous mutation level (Figure 3.2). For this reason, while the exact observed levels
of mutations and surviving mutants with specic amino acid changes may have also been
inuenced by biases in somatic mutation targeting or sequencing error, these explanations
could not be the only reasons for our results. It would be unreasonable to think that mutation
bias and sequencing error would only inuence non-synonymous mutation rates and so it
is thus quite clear that selection is causing this skew in mutant numbers. While assessing
the exact rate of selection is beyond the scope of this paper, we can attempt to use these
levels of synonymous mutations to estimate some ballpark level of expected non-synonymous
mutations, which under neutral conditions we would assume to be three times as high. We
can then see that all the positions with lowest germline diversity must be undergoing quite
stringent negative selection and that once germline diversity gets higher (> 2) there are some
positions that appear to also be undergoing some positive selection. The positions with a
germline diversity value greater than ve show rates of non-synonymous mutations 10 to 20
fold greater than synonymous mutations —a clear indicator of strong positive selection.
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Another indication that specic positive selection has great inuence on the nal level of
amino acid changed at each position is that the diversity of changed positions is much higher
than the germline diversity at those positions (Figure 3.3b). Furthermore, in most cases their
bias in usage is indeterminate (Figure 3.4). Thus, while the likelihood of survival is related to
germline diversity, the specic change in amino acid that is needed to save the clone is also
determined by the specic selection interactions in which that change was positively selected.
However, it is worth noting that positions that can be classied (i.e. are not indeterminate) in
the mutants all exhibit the same general amino acid bias as the germline repertoire (Table 1).
Taking all of these ndings into account, we propose that germline diversity is a good
indicator of the likelihood of survival following mutation but cannot account for the specic
amino acid whose usage accounted for survival of a specic clone, although this usage can
be approximated. This usage is based on the specic anity maturation event and immune
response that leads to the formation of the clone. We would further conclude that while CDR
and FR do roughly segregate the sequence, a better measure of potential selection force is
the specic germline diversity of each position. This is especially true for positions with less
than 5 diversity in their germline amino acids. In such positions, while diversity indicates a
range of possible levels of surviving mutants, there is no clear distinction between positions in
the CDR and the FR. Indeed, the only reason one exists beyond diversity of 5 is that no FR
positions have such high germline diversities.
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Part II
Clumpiness
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Chapter 4: Using a novel clumpiness measure to unite data with
metadata: nding common sequence patterns in immune receptor
germline V genes59
There is extensive interplay between the three scales I have described for the immune system:
germline potential, somatic kinesis, and clone collision. Germline potential acts as a initiation
to the process, a guideline for all diversity, while somatic kinesis and clone collision puts
the behaviors of the receptors into play. Between all three scales, somatic kinesis and clone
collision are intertwined in such a way that clone collision is essentially a meta grouping of
somatic kinesis. Mature B cells form their own lineages and, while they still act as independent
cells, the organization of cells into clones changes the behavior of the entire repertoire.
Generally, the quantication of the immune repertoire is done by the counting of the V, D,
and J genes and the point mutations or amino acid changes at each position, sometimes split
into FRs andCDRs. A fundamental aspect of this technique is the assumption that each position
is independent of each other and that the receptor segregates nicely into the FRs and CDRs.
However, my previous studies described above show that such assumptions are awed in that
there are high and low diversity positions spread all across the receptor, and looking at multiple
positions results in a shifting of diversity44,54. To further investigate the diversity beyond
a regional FR and CDR approach but nonetheless considering the interaction of multiple
positions, I have developed a clustering pipeline and measure to identify discriminating motifs
within the receptors.
Recently, researchers have been able to identify commonalities and motifs in the receptor
in dierent individuals in response to an inuenza vaccination60. This nding reinforces the
need of a novel pipeline, as with new tools I would be able to not only nd the specic regions
of the receptor sequences that have the most impact in the repertoire, but also compare the
behavior of clones within the repertoire.
With this more sophisticated approach, I can start to identify more patterns of V gene
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sequence relationships within the repertoire. One such level of relationships is that of the
heavy and light chains. Using germline repertoire V genes from Mus musculus and Homo
sapiens, I was able to nd specic motifs that are specic to each chain and quantify the
precise level of how well each chain relates with themselves and each other. Looking at the
repertoire from the spleen in an individual, I can also identify the motifs which specically
discriminate the FRs and CDRs, both between each FR and CDR and within. By looking at
the BCR sequences from a specic clone, I can see how those sequences relate across several
samples of the spleen. By looking at the repertoire in multiple tissues, I can use all clone
sequences to quantify the levels of similarity between and within each tissue as well.
In this chapter, I hone in on how exactly data can be mined from the shifting clonal
landscape and the consequences of this self emergent behavior. Unlike the previous two
chapters, the analysis presented here looks at the BCR while taking sets of sequence positions
into account. While the previous analyses had a position by position view of the receptor, with
very little interrogation into neighboring residues, here I mainly focus on novel ways to take
larger segments of the BCR into account when looking at relationships between repertoires.
The technique I use is a continuation of the protein sequence fragment idea. By dividing
the receptors into protein sequence fragments, I am able to see the traversable space of the
repertoire. I relate fragments together using hierarchical spectral clustering, a method which
nds the most important aspects of a network to group similar structures.
I am using a special method for the hierarchical spectral clustering because the algorithm
never explicitly creates the similarity matrix which is time and space consuming for any kind
of repertoire analysis, especially considering the protein sequence fragments. In addition, the
method relates fragments by fuzzy distances – using the information given by short substrings
rather than just by counting mismatches. However, the output of this clustering results in a
tree structure for which there is no clear way to quantify relationships of the labels of each
cluster. In the rst part of this chapter, I introduce a new clumpiness measure which lets us
rigorously quantify the cluster tree for dierent biological scales of the data.
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In the continuation of the chapter in Section 4.8, I delve into a more detailed description
of the other tools I used in order to quantify of clonal trends based on the protein sequence
fragment similarities. Specically, I demonstrate the use of this new technique to start to
understand clone collision and how this scale looks between dierent the FRs and the CDRs,
the same clone in dierent samples, and clones themselves. These results accumulate into
an observation of two trends (gut and blood) in several tissues within the body. Finally, this
section ends with a demonstration of the general nature of the clumpiness measure by using
the measure on clonal lineages in these tissues. These tools can be used to study and compare
virtually any repertoire through high throughput sequencing.
4.1 Abstract
When nding relationships in biological systems, we often describe hierarchies based on one
facet of the data. However, when using this hierarchy to elucidate relationships between
metadata, the distribution of metadata labels within the hierarchy may exhibit dierent levels
of aggregation — uniform, random, or clumped. As of now, there exists no measure for nding
the level of aggregation, or “clumpiness”, between labels distributed among the leaves of
a hierarchical container. We propose a clumpiness measure to aid in the quantication of
relationships between metadata. We validated our measure with random trees and found that
the measure is resistant to changes in the tree size, label size, and the number of types of
labels, compared to the closest alternative measures. We used our clumpiness measure to
quantify the relationships between light and heavy chains in human and mouse B cell and T
cell receptor V genes based on their motifs. We found that the B cell heavy chains were the
most aggregated while the T cell chains were the least aggregated and that the IGL chain was
clumped the most with the T cell chains out of all of the B cell chains.
4.2 Introduction
Biological systems are often described through hierarchical relationships of dierent labels.
Due to the complex nature of biological systems, we often describe these hierarchies using only
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a subset of the available information about each element in the dendrogram. For instance, we
can create a phylogeny of dierent species based on their geneswhile at the same time retaining
other metadata, or labels, about their behavior, survival, and phenotypes. However, unlike
the gene data, these metadata labels may be distributed randomly, uniformly, or clumped
throughout the hierarchical structure. In this paper, we present a novel measure to quantify
the extent that a hierarchical structuring of data describes a relationship of aggregation, or
“clumpiness”, between the metadata labels with which its components are categorized. In this
fashion, we can unite the two levels of the structure — the information from the data and the
categorical information from the metadata.
Let us consider the adaptive immune system as a general example of a multi-scale biological
system. This system is comprised of several repertoires of immune cells with individual
receptors of unique specicity for dierent antigens in the environment. In order to cover a
wide range of antigens, the body generates a vast and diverse pool of dierently responding
cells called the immune repertoire of the body. Under specic conditions, these antigens
can trigger competitive proliferation, mutation, and death in only a subset of the cells. The
successful recognition of an antigen by a cell’s receptor leads to the cell dividing and producing
its own lineage of cells responding to similar antigens. The resulting hierarchical structure is
associated with metadata labels such as the tissue where one of the descendant cells is found,
the function of that cell in the immune response (such as an eector cell or a memory cell),
or its fate — death or division. Because the metadata labels are of a dierent scale than the
data (in this scenario the pattern of mutations in a given cell), it is possible to have the labels
widely dispersed in the container (here a hierarchical data structure) but be close together in
small clumps as opposed to being randomly or uniformly distributed. These scenarios appear
throughout the biological domain.
Another hierarchical container of data wemay use, in order to capture the dierent possible
“behaviors” of the cells, is to cluster the cells by their common gene expression patterns61. In
this case, the labels describe a common progenitor (ancestor) cell or varying levels of mutation
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in its DNA. Finally, we will look specically in this paper at the hierarchical clustering of
sequence fragments. Both in our example and in other biological examples, it is commonly
considered that motifs can be indicative of binding capability and interaction potential. In this
case, we hypothesize that a group of cells with similar behaviors are motivated by a subset
of common motifs with related structures. As binding of the receptor and survival of the cell
depend on the receptor structure, in order to look at the relationships between the dierent
parts of the receptors we need to account for the relationship between sequence fragments.
As such, we must nd the relationship (container) between each region of the receptor (data)
before quantifying the overall distribution and degree of aggregation of chains (label).
As shown in these examples, although the data is clustered together as the result of the tree,
we can ask additional questions about the relationship between the metadata labels within the
tree. More specically, we would like to quantify the degree of aggregation, or “clumpiness”,
between the labels by using the structure of the tree generated by the pairwise relationship of
the data. While there is a wide range of metrics to measure aggregation, they are focused on
the spatial distribution in two dimensions62–69. As of now, there exists no measure for the
quantication of aggregation in a distribution within hierarchical trees. Furthermore, previous
studies attempting to nd patterns between metadata in hierarchical structures are based on
grouping similar sections of the container rather than nding the impact of dispersion on the
metadata and are heavily focused on visualization70–73. In this paper, we will demonstrate the
power of such an analysis by focusing on the last example, where we can nd the relationship
between immune receptors by their sequence fragments.
In order to look at the distribution of labels, we need new tools. We propose our clumpiness
measure as a way to measure the degree of aggregation between labels in a hierarchical
container. Our measure is robust to the container size, data size, and label size, and thus
is scale invariant. In addition, our measure is generalizable to more than two labels and is
eciently computable and maintainable. In this paper, we will (1) describe the measure,
(2) show the generalization, (3) demonstrate the use of the measure to nd the relationship
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between receptor chains, and (4) quantify the response of the measure to noise and sizes.
4.3 Notations and denitions
Suppose we have a rooted binary tree with a set of vertices V . Let us now call I ⊆ V the set of
non-leaf and non-root vertices of the tree, and T ⊆ V all of the leaf vertices whose parent
is in I (thus, this includes all the leaf vertices, except the leaves that are children of the root,
since the root is not in I). Now, let us assume M ⊆ T to be the subset of leaves of interest,
our “relevant” leaves, and L = {L1, L2, . . . , Ln} to be a partition ofM (i.e.,M =
⋃n
i=1 Ln). This
partition can represent, for example, a set of labels that we care about in our application
domain. We call these labels “relevant” as they contain our relevant leaves. We can now
transform the data from our domain into a hierarchical container.
We specically focus on the domain of immunology in this study. The B and T cells are
white blood cells with cell surface receptors, the B cell receptor (BCR) and T cell receptor
(TCR) respectively, that bind to antigen which can invoke an immune response. These
receptors are quite diverse and each B and T cell express just one type of this receptor. The
BCR is composed of a heavy chain (IGH) and a light chain (either IGK or IGL), while the
analogous chains on the TCR are the β chain (TRB) and the α chain (TRA). As we want to
compose our hierarchical container from structural units, we use subregions of these receptor
genes in our clustering.
These subregions, we call “protein fragments”, are 20 amino acid long sequences taken from
an overlapping sliding window across an amino acid receptor sequence. Then our hierarchical
clustering generates clusters that are each a group of protein fragments with similar sequences
(further explained in Section 4.6.1). The leaves in the hierarchical container represent these
clusters, where each parent contains the union of the children’s protein fragments. In this way
we have completed the transformation of the data into a hierarchical container of relationships.
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4.4 Clumpiness measure
4.4.1 Denition
The clumpiness of the set of leaves M when partitioned according to L in a k-ary tree is
dened as
C(L) =
1
n
(
n∏
i=1
x
yi
)1/n
(4.1)
That is, the geometric mean of x weighted by the frequency of each label, yi. The result
is set between 0 and approximately 1 by normalizing by the total number of labels, n. The
numerator x is intuitively the weighted number of viable vertices in I weighted by yi, resulting
in
x =
1
|I|
∑
v∈I
δ(v)w(v) (4.2)
yi =
|Li|
|T | (4.3)
We say that a non-root vertex v is “viable” if δ(v) = 1, meaning that v has at least one vertex
of each label in its descendant leaves. So,
δ(v) =

0 :
∨n
i=1 |D(v) ∩ Li| = 0
1 : otherwise
(4.4)
where D(v) is the set of descendant leaves of vertex v contained inM , our relevant leaves.
We then weigh the vertex if it is viable by the number of vertices of each relevant label and
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how far away they are from the vertex in question:
w(v) =
∑
i∈D(v)
 ∏
j∈E(v,i)
1
c(j)
 (4.5)
where E(v, i) is the set of vertices on the shortest path from (and including) v to (but not
including) the relevant leaf i and c(j) is the number of children of j. We weigh by the number
of children as we want the maximum value of our vertex of interest to be 1, so we keep dividing
the values of the descendant vertices based on branching.
If we want to nd the clumpiness of a label Li with itself we need to change our approach:
the more clumpy Li is with other labels, by denition the less clumpy Li is with itself. Using
this property, we can then have L contain two sets — those leaves in Li and all other leaves.
Then the clumpiness of Li with itself becomes 1− C(L). For the sake of simplicity, we will
focus on the case of a rooted full binary tree containing 2 labels.
4.4.2 Exclusions
We are excluding two types of vertices in the clumpiness measure calculation. Firstly, we are
excluding the root vertex. This vertex will always be counted in every tree and every analysis,
so it’s inclusion is not informative and prevents a value of 0.
We also remove any leaves attached to the root vertex from the analysis. If we were to
have the majority of the leaves attached to the root vertex (assuming the tree is not binary),
which is highly unlikely in a hierarchical clustering scenario, we would just be manufacturing
a smaller and smaller yi value for no apparent reason, inating the value of the measure. As
such, we remove these vertices from the calculation.
4.4.3 Bounds
In this section, we will describe the bounds of the clumpiness measure dened above. In order
to do so, we will assume a rooted full binary tree with L = {L1, L2}. Firstly, if 0 ≤ (x/yi) ≤ n,
then we can see that the clumpiness measure is bounded as 0 ≤ C(L) ≤ 1. Thus, let us see
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the range of x and yi. 0 ≤ x ≤ 1 as w(v) has a maximum value of 1 in a binary tree and so the
numerator of x has a maximum value of |I|. 0 < y ≤ 1 as 0 < |Li| ≤ |M | ≤ |T |.
Next, assume x = 0. If we have no viable inner vertices, then the numerator of x is 0 and
C(L) = 0. Now assume x = 1. If all inner vertices are viable, then x = 1. Then the inner
vertices nearest to the leaves must also be viable, so each of those inner vertices must have
leaves from L1 and L2, so |L1| = |L2| and thus yi = 0.5, so (x/yi) = 2 and thus C(L) = 1. Assume
yi = 1. First, we note that δ(v) is 0 or 1. Furthermore, 0 ≤ w(v) ≤ 1. Then the numerator of x
is between 0 and |I|. Therefore, we nd that 0 ≤ x ≤ 1. Finally, if yi = 1, then 0 ≤ C(L) ≤ 1.
Now, let us assume a minimum yi. The smallest yi we could have is (1/|T |), where a label is
assigned to only one leaf. Let us consider a binary tree with 5 vertices — 2 inner vertices and
3 leaves as in Figure 4.1. The non-root inner vertex has two children: one from L1 and one
from L2. Then x = 1, yi = (1/2), and C(L) = 1. Now, when we add on additional vertices, we
are increasing |I| by 1, decreasing |T | by 1 and then adding two additional leaves increasing |T |
by 2 resulting in a net increase of |T | by 1.
1
L2L1
1
2
L2L1
1
2
u
L2L1
Figure 4.1: Example for the case of nding the maximum C(L) through the minimum yi.
The trees grow from the rightmost vertex, with the parent of the rightmost vertex being
labeled u.
Let us call this growth u = 1, where u is the number of inner vertices excluding the root.
We can see an example of these trees in Figure 4.1. Then u+ 1 is the number of leaves whose
parent is not the root. Then we can rewrite (x/yi) as
Chapter 4: Uniting data with metadata 4.4 Clumpiness measure
83
x
yi
=
(∑u−1
j=0 2
−j
u
)
(
1
u+1
) (4.6)
=
(
2−21−u
u
)
(
1
u+1
) (4.7)
We consider two cases. If we continue to add vertices to the side of the binary tree that is
irrelevant to x, as they do not have any associated labels in their leaves, the overall numerator
becomes (1/u) and the formula converges to 1 and C(L) converges to 0.5. The maximum
value here is at u = 1, where we end up with C(L) = 1. However, if we were to add on vertices
which are relevant to x, we increase |I| and |T | by 1 and we increase the numerator of x as
well. Here, w(v) grows based on u as all inner vertices are relevant. The numerator of x is a
geometric series that converges to 2 as u approaches innity. The maximum of this equation
occurs at u = 4, i.e. C(L) = 1.17.
Assigning each label to every other leaf in order to increase x, we see that x increases at a
decaying rate while the numerator of yi increases at a constant rate, so we would never go
above the aforementioned value of 1.17, which is the absolute maximum of C(L).
4.4.4 Example
In order to fully illustrate the process bywhich themeasure works, we here provide an example
using two binary trees (Figure 4.2). In both trees, we rst compute the clumpiness of L1 with
L2 and, for illustration purposes, we will then compute the clumpiness of L1 with itself.
We will start with nding the clumpiness between L1 and L2. The measure is as follows: in
the tree from Figure 4.2a, we ignore the root vertex. Starting at the lower left with vertex 2, we
see that it has at least oneL1 and oneL2 in its descendant leaves, so it is a viable vertex. Its value
is 1 as vertex 2 has 2 children on the shortest path to 2 relevant leaves, sow(v2) = (1/2)+(1/2) =
1. Then vertices 3, 5, and 6 also have a value of 1 for the same reason. For vertex 1, we note
that again it has at least one label of each type in its descendant nodes, but they have a shortest
Chapter 4: Uniting data with metadata 4.4 Clumpiness measure
84
a.
b.
Figure 4.2: Example rooted perfect binary trees for use with the clumpiness measure.
A rooted perfect binary tree where each leaf is labeled either L1 or L2. (a) Alternating
labels of the leaves result in C({L1, L2}) = 1, C({L1, L1}) = 0, and C({L2, L2}) = 0. (b) Like
labels grouped on either side of the tree resulting in C({L1, L2}) = 0, C({L1, L1}) = 1, and
C({L2, L2}) = 1.
distance of 2 away. Then vertex 1 has 4 relevant descendant leaves, so by getting the number
of children at each step we end up with (1/2)(1/2) + (1/2)(1/2) + (1/2)(1/2) + (1/2)(1/2) = 1.
The same is true for vertex 4. Then our x in the clumpiness measure is equal to (6/6) = 1. Our
yi would be yL1 = (4/8) = (1/2) for L1 and yL2 = (4/8) = (1/2) for L2, as both labels take up the
same fraction of the leaves. It’s also important to note here that we would exclude any leaves
attached to the root vertex in this measure as stated in Section 4.4.1. Then our clumpiness
becomes
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C({L1, L2}) = 1
2
(
1
1
2
+
1
1
2
)1/2
=
1
2
(4)
1/2
=
1
2
2
= 1
If we look at the tree in Figure 4.2b, we see that the only node with descendant leaves
from both labels is the root vertex — however, we exclude the root vertex from the measure.
As a result, our x value in the measure is 0 and so C({L1, L2}) = 0.
Now let us look at the clumpiness of L1 with itself. In Figure 4.2a, we want to nd the
clumpiness of L1 with any other label that is not L1. That is, each label that is not L1 is lumped
together into some generic label, G. Since we only have one other label in this tree, L2, we will
just rename all L2 to G. Then C({L1, L2}) = C({L1, G}) = 1. In order to nd the clumpiness of
L1 with itself, we just take C({L1}) = 1− C({L1, G}) = 0. For the tree in Figure 4.2b, we have
C({L1}) = C({L1, G}) = 1− C({L1, L2}) = 1.
The two trees in Figure 4.2 illustrate the theoretical concept of clumpiness — we would
say that the tree in Figure 4.2a is maximally clumpy with L1 and L2 but minimally clumpy with
L1 and itself and vice versa with Figure 4.2b.
There are cases for which the value of clumpiness exceeds 1 (to a maximum of 1.17) as
explained in Section 4.4.3. These cases have extremely biased subtrees expanding in one
direction. While the maximum appears in a very small tree, there is still the possibility of
having a value greater than 1 if the tree grows in a fashion as seen in Figure 4.1.
4.5 Simulations
In order to verify that the measure measures clumpiness and aggregation of a distribution
as we intended, we articially generated random trees with known clumpiness distributions.
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In addition, we also compared the clumpiness measure to its closest equivalents using the
diversity of each vertex as described below. Lastly, we observed the degree of noise and
consistency in each case in dierent sized trees.
4.5.1 Random tree generation
We generated a collection of random trees that simulate a clumpy environment. We made
random rooted full binary trees of size s ± 10 vertices. We began from a root vertex and
randomly choose either 0 or 2 children, stop if the size of the tree is met, or otherwise
recursively iterate this process on the leaves. Trees that were not of the wanted size with the
variation were discarded. We labeled the leaves of the trees with L1 and L2 (and L3 where
applicable) in the following way: we generated a random list l of the leaves in the tree. Given a
neighborhood of size t, we chose the rst leaf v ∈ l, assigned the nearest t leaves that label,
and subsequently removed v from l, repeating this cycle until all leaves were labeled. We did
not label a leaf if the leaf was already labeled. This process eventually gave us a random rooted
full binary tree of size s± 10 with labeled leaves.
4.5.2 Measure quantications
We used three measures on these randomly generated trees for sizes 500, 1000, 1500, and
2000 for neighborhood values t from 1 to 20. For each size and neighborhood, we generated
three types of trees: 1) trees with approximately even amounts of L1 and L2, 2) trees with
approximately even amounts of L1, L2, and L3, and nally 3) trees with three times the amount
of L1 compared to L2 or L3. We compared our clumpiness measure with two other measures:
1) the arithmetic mean diversity of each inner node in the tree, and 2) the geometric mean
diversity of each inner node in the tree31. We ran these measures on 100 randomly generated
trees of each type, resulting in 24,000 analyses.
Diversity of order 131,32, as used in this paper, is the exponential function of Shannon
entropy30,44. The entropy of a vertex, in our case, is dened as the Shannon entropy between
the two labels in question for the measure as opposed to the traditional entropy of a certain
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height for hierarchical networks74. We can then say that the diversity of a vertex is in [1, 2],
as we are nding the diversity only of the relevant leaves, or leaves with labels pertaining to
the clumpiness of what we want. The diversity will either tell us that we have 1 type of label,
2 types of labels, or somewhere in between. Then the arithmetic mean of all of the inner
vertices should tell us something about the clumpiness between two labels.
Likewise, the geometric mean of the diversity in the tree is using the same geometric mean
as our clumpiness measure, where x in this case is the arithmetic mean diversity of the inner
nodes. We use this measure to try to normalize the value based on sample sizes.
4.5.3 Results
For each tree, we performed “inter-clumping” comparisons, where we measured the degree
of clumpiness between dierent pairs of labels, and “intra-clumping” comparisons, where
we measured the degree of clumpiness for a label with itself. We compared our measure
with diversity by applying the arithmetic mean diversity and the geometric mean diversity of
each vertex of each tree (Figure 4.3). For all trees of all sizes, the three measures produced
higher values for the intra-clumping comparisons and lower values for the inter-clumping
comparison of L1 and L2. For trees that had approximately equal quantities of L1 and L2, the
intra-clumping comparisons were perfectly overlapping in our measure by denition, while
the diversity measures were overlapping but not perfectly (Figure 4.3a).
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In addition, our measure has the inter- and intra-clumping comparisons meeting while the
diversity measures do not (Figure 4.3a). Furthermore, we see that our measure increases and
decreases the same amount, while the diversity measures have the inter-clumping comparison
decreasing less than the intra-clumping comparisons increase (Figure 4.3a). In the trees with
approximately equal quantities of L1, L2, and L3, we see that our measure maintains the same
range as before whereas the diversity measures do not (Figure 4.3b). In the trees with three
times as many L1 leaves as L2 or L3, our measure remains stable in its clumpiness with respect
to the number of neighbors assigned, while the diversity measures are inconsistent with the
previous types of trees and even within intra-clumping comparisons as the L1 comparison is
always smaller than the L2 comparison (Figure 4.3c).
From these simulations, we see that our clumpiness measure was more consistent than
the other measures when more labels or dierent sample sizes of labels are introduced.
Furthermore, the measure was more descriptive about the distribution of the labels than the
other two measures and more in line with our concept of clumpiness and aggregation.
4.5.4 Simulations validate the clumpiness measure
We say that clumpiness in our simulated trees is dened by how many surrounding neighbors
are assigned the same type as a randomly selected leaf. By this denition, we see that our
measure did capture clumpiness in the random trees (Figure 4.3). That is, the more neighbors
assigned closest to a random leaf, the less clumpy our inter-clumping comparison was and
the more clumpy our intra-clumping comparisons were. This eect was not only consistent
across tree sizes, but the values were as well. In trees with approximately equal quantities of
L1 and L2, we see that all of the measures generally withstand the size of the tree (Figure 4.3a).
Even when there are three labels in the tree of approximately equal quantities, we still see a
decrease in all inter-clumping comparisons and an increase in all intra-clumping comparisons
(Figure 4.3b). The diversity measures, however, have very dierent ranges from before and
even within the same comparisons. They also have dierent ranges between the inter- and
intra-clumping comparisons within this type of tree, seemingly due to the addition of a third
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label inuencing the sample (Figure 4.3b). When calculating the clumpiness in a tree with
varying sample sizes, however, we see that our measure is able to withstand the biases while
the diversity measures do not (Figure 4.3c). For this reason, we propose that our measure is
stable across tree sizes and sample sizes and can be used for nding the relationships between
“wholes” in hierarchical clusterings of “parts of a whole” analyses.
4.6 Biological application
With our clumpiness measure, we can now answer questions which require the union of
dierent levels of the hierarchical container. We here sought the relationship between heavy
and light chains of the germline immune receptors based on their sequence fragments. These
relationships can reveal the evolutionary pathways of the receptors and can identify similarities
between the BCR and the TCR.
4.6.1 Hierarchical clustering
We analyzed 517 human and 677 mouse light chain and heavy chain V gene protein sequences
based on the entire known B cell and T cell receptor repertoires in the ImMunoGeneTics
(IMGT) database45. Taking an overlapping sliding window across all 1194 alleles, we split the
sequences into fragments consisting 20 residues. We used hierarchical spectral clustering to
cluster together all fragments into a binary tree, where the leaves of the tree are clusters75. The
clustering algorithm in75 uses fuzzy metrics to dene similarity between strings by counting
the number of “qgrams” within a string. Here, we used qgrams with q = 3 to generate the
tree. The algorithm stops when the Newman-Girvan modularity for a clustering step is less
than or equal to 0, leaving us a with a leaf that contains a collection of fragments that we
call a cluster75. From this tree, we labeled each cluster for its originating chain type (light
or heavy) and receptor type (BCR or TCR). Clusters that contained multiple labels were not
measured for clumpiness, but remained in the tree as irrelevant vertices in order to maintain
the structure.
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4.6.2 Results
The clumpiness between chains from human and mouse BCR and TCR light chain and heavy
chain V gene protein sequence fragments using our measure can be found in Figure 4.4. Each
chain was highly related with itself, with IGH clusters being the most clumpy while TRB
clusters were the least clumpy. We found that the next highest relationships were the TCR
chains with themselves and the light chain BCRs with themselves. Lastly, we found that IGL
clusters had the closest relationship with the TCR chains.
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Figure 4.4: The heat map of clumpiness values between chains in the hierarchical spectral
clustering of human and mouse BCR and TCR protein sequence fragments. The value in
each cell is the value of the clumpiness measure and the color corresponds to each value,
with white as 0 and red as 1.
4.6.3 IGL fragments clumpmore with TCRs than IGH or IGK
Using our clumpiness measure and hierarchical spectral clustering, we sought the relationships
between chains in human and mouse BCR and TCR V gene protein sequences (Figure 4.4).
We found that heavy chain BCRs had the highest similarity out of every chain, followed by
IGK, IGL, TRA, and TRB. We have previously found TCRs to be more diverse than their
BCR counterparts, so this nding makes biological sense44. We also saw that the relationship
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between TRA and TRB was stronger than between IGK and IGL. In fact, IGH was very much
unlike IGK or IGL (Figure 4.4). Furthermore, we found that IGL had the highest relationship
out of all BCR chains to the TCR chains (Figure 4.4). This nding supports previous evidence
stating that IGL was the rst chain to branch o of its TCR ancestors76.
It is worth noting that neither the arithmetic mean diversity nor geometric mean diversity
measures were able to capture this information due to the low sample size of IGL compared
to the other chains (results not shown).
4.7 Conclusion
We have demonstrated the robustness of this clumpiness measure to diering tree sizes and
sample sizes and have shown its utility in a real biological application. Using this measure,
we are now able to link the relationship of the data creating a hierarchical container with
the metadata categorizing the data. With this unication, we were able to show that there
exists a relationship between the BCR and TCR receptor chains through IGL using short
sequence fragments or motifs from the receptor genes. The generalization for this method
should provide the discovery of previously unseen patterns within hierarchical containers.
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4.8 New tools for repertoire analysis
Using the clumpiness metric from Section 4.4.1, I was able to develop a method to relate
metadata in trees generated through hierarchical clustering. As an example in Section 4.6.2, I
found the relationship between human and mouse B cell receptor chains from their V gene
sequences. Here I lay out in more detail how the overall pipeline works to compare entire
repertoire. Briey, I fragment protein sequences into 20 amino acid long segments which I
hierarchically cluster using spectral clustering of fuzzy distances (Section 4.8.1). I then use
the resulting tree to search for relationships using the clumpiness measure at dierent levels
of metadata. The strength of this method is the generality of the concept of metadata.
For instance, in Section 4.8.2 I dened metadata in a few dierent ways. By looking at
the clumpiness in terms of what FR or CDR a cluster came from, I found the segregation of
regions in single or multiple clones. On a higher scale, I labeled clusters by what sample they
came from in a single clone in order to track the behavior of the clone in dierent samples of
the same tissue by its sequences. Using labels from multiple clones, I quantied the degrees of
similarity between dierent clones in a tissue. Lastly, on the largest scale, I labeled clusters
by the tissue their protein sequence fragments derived from, allowing me to nd the overall
relationship between those tissues. In summary, this section illustrates how the relationships
change at these dierent scales and provides insight into how this novel method can be used
to answer questions that were previously insurmountable in scope.
4.8.1 Materials andMethods
For the demonstration of relationships of the protein sequence fragments at dierent scales,
the technique using hierarchical clustering followed by clumpiness measure calculations59
was done on results from sequencing IGH rearrangements from spleen in a diseased human
subject following an IRB-approved protocol. For the analysis of clumpiness between tissues,
the samples were instead taken from another diseased human subject in the colon, ileum,
jejunum, mesenteric lymph node, spleen, lung, bone marrow, and peripheral blood. All clones
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were dened by utilization of the same V and J genes, with 80% similarity in their CDR3.
Clustering
Using a sliding window of 20 amino acids, a pool of fragments from the spleen or other tissue
repertoires was generated. Filtering out any duplicates, all fragments were clustered together
using spectral clustering with fuzzy distances as in75. To briey describe the algorithm, a tf-idf
matrix consisting of the frequency of all possible q-grams (fragments of length q, here q = 3)
for each fragment was created. Less weight was given to common q-grams by multiplying each
element by log ndj , where n is the number of fragments and dj is the number of fragments that
has the jth q-gram. The Euclidean norm to each row of the matrix was applied. Transforming
this matrix, B, by C = D(−1/2), where D = diag(B(BT1))
(−1/2)
, resulted in a matrix whose
second largest singular value corresponds to the second smallest eigenvector of the similarity
matrix’s Laplacian matrix75. This transformation will allows for the quick execution of spectral
clustering to separate the fragments into two clusters. Using hierarchical clustering, this
algorithm recursively split the fragments into more and more clusters. The process stopped
this recursion when the Newman-Girvan modularity was less than or equal to zero, implying
that the most recent clustering was just as good as randomly clustering the fragments77. The
Newman-Girvan modularity is given by:
Q(V1, V2) =
2∑
k=1
(
Okk
L
−
(
Lk
L
)2)
(4.8)
where Okk =
∑
i∈Vk,j∈Vk A(i, j) is the total number of connections between fragments in
Vk, Lk =
∑
i∈Vk di for k ∈ {1, 2}, and L =
∑n
i=1 di, where di =
∑n
j=1A(i, j) is the degree of the
ith fragment, A is the symmetric matrix of connectivity strengths of the n fragments, and V1
and V2 are a binary partition of the fragments that denes two communities75,77.
Clustering tree quantication
The tree resulting from hierarchical spectral clustering was projected onto a two dimensional
surface by recursively going down the tree and setting the left vertex as minus half the position
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of the parent and the right vertex as plus half the position of the parent. The height was
dened by the vertex’s height in the tree. The order of children, which vertex is the left child
and which is the right, was determined by the Newman-Girvan modularity. The vertex with
the lower modularity with its uncle is moved closer to that uncle as they would be closer
communities.
This process was done on the region, clone, sample, and tissue scales (using a dierent
data set from the other three scales). For each scale, leaves in the tree were labeled with what
type of metadata they held. For the region scale, the labels were FR2, FR3, CDR1, CDR2,
and CDR3 from a single clone. For the clone scale, the labels were a specic clone and a
subclone with the same V and same CDR3 but with a three nucleotide deletion (removal of a
single amino acid), that specic clone with another clone that had the same V but dierent
CDR3 (but same CDR3 length), and that clone with another clone that had a dierent V and
a dierent CDR3 (but same CDR3 length). For the sample scale, all samples the clone was
observed in was used. For the tissue scale, clones with 20 or more unique sequences, or 50 or
more, were used to nd relationships between tissues.
The clumpiness of tissues from all clonal lineage trees was done by nding the clumpiness
between tissues within each clonal lineage, generated by neighbor joining, and nding the
median of all like comparisons. Clumpiness measures the aggregation of leaves, so any in-
termediate vertex in the lineages that contained labels were given a new leaf with that label
connected to that vertex. The label was then removed from that intermediate vertex. Here,
as some relationships only were within a leaf, multiple labeled leaves were counted in the
clumpiness calculation, unlike the previous calculations.
Clumpiness computational complexity
The computational complexity of clumpiness, as calculated in this implementation with the
binary tree, is bottlenecked by the number of inner vertex. The main components of the
calculation are the counting and weighing of the inner vertex, as the sample size normalization
calculations are just a linear count of θ(|T |) if the labels are stored in the leaves. The clumpiness
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between labels is calculated by nding the weight of each inner vertex. The complexity for
one vertex would be O(|T |), that is, seeing if there exists one leaf of each label. The weight
of the vertex is determined by visiting each vertex to the leaves, resulting in a complexity of
O(|I|) = O(|T |) as in a binary tree, the number of inner nodes is no bigger than the number of
edges. Then the computational complexity for all inner vertices would be O(|T |2). As there
cannot be more labels than leaves in the nal geometric mean calculation, we end up with an
overall complexity of O(|T |2). This result is a gross overestimate of the upper bound, however,
as each inner vertex has just a smaller and smaller subtree the further down the tree the vertex
is.
Rarefaction
In order to give weight to using 20 ormore unique sequences for the tissue analyses, rarefaction
curves were generated for that data set. By intersecting Chao2 numbers78 with the rarefaction
curve, the expected number of additional samples for suciently sampling a certain proportion
of the complete clonal landscape (g proportion) can be determined79,80.
More specically, the sample based extrapolation technique, or the Bernoulli product
model, was used in order to determine the number of additional samples to see all possible
clones in the g proportion of the assemblage. This calculation is derived from the Chao2
number:
Qˆ0 Chao2 = ((T − 1) /T )
(
Q21/ (2Q2)
)
for Q2 > 0 (4.9)
Qˆ0 Chao2 = ((T − 1) /T ) (Q1 (Q1 − 1) / (2 (Q2 + 1))) for Q2 = 0 (4.10)
where Qˆ0 Chao2 is the number of additional clones that are not in the observed clones, Q1 is
the number of clones that appear in only one sample, Q2 is the number of clones that only
appear in two samples, and T is the total number of samples78. Then estimating the number
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of additional samples needed to see the complete assemblage becomes:
˜tg∗ ≈
log 1− T(T−1) 2Q2Q21 (gSest − Sobs)
log 1− 2Q2(T−1)Q1+2Q2
, Sobs/Sest < g < 1 (4.11)
where ˜tg∗ is the number of additional samples required to see at least one of every clone in
g proportion of the assemblage, Sobs is the observed number of clones in the samples, and Sest
is the expected number of clones in the assemblage, determined by Sest = Sobs + Qˆ0 Chao2 79,80.
Using this method, for each tissue, the expected number of additional samples was calcu-
lated for clone sizes of at least 2, 10, 20, 30, 40, and 50 for increasing g proportions. Based on
this analysis, a clone size of at least 20 was determined to be sucient for a good sampling of
the larger clones.
4.8.2 Results
Having clustered all of the protein sequence fragments from the heavy chain BCR sequences,
I sought to quantify the relationships within the repertoire at dierent scales – dierent levels
of metadata. In order to demonstrate that this fragment based methodology was capturing
important biological determinants of the B cell repertoire, I rst wanted to see if the method
could capture the basic structural components of the BCR – the relationships between the
FRs and the CDRs. I compared these regions within a single clone in the spleen repertoire
of an individual. This comparison of the clone’s regions showed the expected similarities
between regions due to the overlapping sliding window to create fragments: CDR1 was close
to FR2 which was close to CDR2 which was close to FR3 with CDR3 being the farthest away
(Figure 4.5).
Seeing this clear division by region, I next asked whether a clone would dier in its fragment
similarity across multiple samples – a higher level than the regional scale. The sample level
showed almost perfect similarity between the samples of the clone (Figure 4.5). Knowing that
the clone behaves similarly in dierent samples of the same tissue validated the pipeline and
led me to ask the question of how dierent clones related to each other.
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Figure 4.5: The density plot of the labeled leaves of the hierarchical spectral clustering
tree. (a) Two dierent clones. (b) One clone colored by dierent regions. (c) One clone
colored by its appearance in dierent samples of the same tissue.
I chose three clones of varying similarity in order to see how each comparison’s set of
fragments enveloped the protein sequence space – the cluster tree here. The resulting
quantications revealed expected behaviors based on each clone’s similarity with Clone 1
(Figure 4.6). Clone 1 is the closest with Clone 2 with the most overlap (0.418 clumpiness,
Figure 4.6a,b), followed by Clone 3 with less overlap (0.231 clumpiness, Figure 4.6c,d), and
Clone 4 as the most distant clone (0.018 clumpiness, Figure 4.6e,f). Using this property
of clonal similarity, I then asked whether all clones within dierent tissues revealed new
relationships based on the relationships between clones and their receptor sequences.
Before answering this question, however, I needed to see if the datawas suciently sampled
for larger clones. Using a rarefaction analysis of expected additional samples, I found that
clone sizes of at least 20 unique sequences resulted in adequate sampling (Figure 4.7).
Using clone sizes of at least 20 and 50 resulted in the formation of two clusters – a cluster
within the “gut” (colon, ileum, jejunum, and mesenteric lymph node) and a cluster in the
blood (spleen, lung, bone marrow, and blood) (Figure 4.8). When looking at the clumpiness
within clonal lineages, there was also the same pattern forming, but not as clear as the protein
sequence fragment analysis due to the high relationship of spleen with the gut and jejunum
with the blood (Figure 4.9).
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Figure 4.6: The layout of a clone’s relationship with three other clones with varying
degrees of similarity. Clone 2 shares the same V gene and CDR3 as Clone 1, with a single
amino acid deletion. Clone 3 shares the same V gene as Clone 1, but has a dierent CDR3
of the same length. Clone 4 has a dierent V gene and CDR3 gene of the same length.
(a, c, e) The density plot of the labeled leaves of the hierarchical spectral clustering tree.
Clone 1 is highlighted in red. (b, d, f) The clumpiness heat maps between Clone 1 with
the other clones. (a, b) Clone 1 compared with Clone 2. (c, d) Clone 1 compared with
Clone 3. (e, f) Clone 1 compared with Clone 4.
4.8.3 Discussion
The combination of hierarchical spectral clustering and the clumpiness method yields pow-
erful results across many dierent scales of biology. The main use of the technique in this
dissertation is to elucidate the relationships of a population at dierent scales. The smallest
scale presented here is at the region level consisting of the FRs and the CDRs. The result here
is quite intuitive in that the best relationship between BCR structures among a clone in the
spleen is each loop in the receptor (Figure 4.5b). In addition, due to the nature of the sliding
window, we see overlap between CDR1 and FR2, FR2 and CDR2, CDR2 and FR3, and a bit
of FR3 with CDR3. In fact, CDR3 is generally the farthest away from all other regions, most
likely highlighting the high diversity expressed in that region (Figure 4.5b). The behavior of
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the same clone across samples from the same tissue validates the use of this clustering as well,
as the results almost completely overlap (Figure 4.5c).
Once I demonstrated that this method could identify the basic underlying components
relating to receptor structure and potential binding, the next step was to see how a clone
related to other clones of varying degrees of similarity. Comparing Clone 1 with the three
other clones exposed how the protein sequence fragment space could compare populations
based on not the number of mismatches, but rather on the regions of the receptor regardless
of their exact position (Figure 4.6). The observation that the subclone Clone 2 was the closest
to Clone 1 while the clone with a dierent V gene and CDR3, Clone 4, was the furthest in
similarity strongly supports the use of this technique in nding relationships at the clone scale
(Figure 4.6).
The validation of the method at region, sample, and clone scales supported the use of
such a technique at one higher scale – dierent repertoires. In this case, the method was
used on the tissues of an individual in an attempt to quantify the spread of motifs shared or
unique across tissues. The most striking nding was the formation of two meta tissues: the
gut, composed of the colon, ileum, and jejunum, and the blood, composed of the spleen,
lung, bone marrow, and blood (Figure 4.8). The mesenteric lymph node falls into the gut
cluster here, most likely due to its proximity of the gut tissues. The biggest advantage of this
method can be seen by looking at the clumpiness of these same tissues in clonal lineages.
These relationships are created by clustering based on mismatches within a clone rather
than the fuzziness distances of fragments for all sequences. As a direct consequence of such
dierent tree structures, the resulting interpretations vary. In the fuzzy distance cluster tree,
the clumpiness represented the similarity between tissues based on the fragments, or motifs
in this analysis, within all receptors. The clumpiness in the clonal lineages instead represents
the summation of the tissue behavior of each clone. That is, for a single clone, specic groups
of mutations are found with varying degrees of similarity in dierent tissues. Combining all
of those relationships results in the summary (here the median) of clonal lineages. While the
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same relationship within the gut and the blood meta tissues can be seen in the clumpiness of
clonal lineages, they are less pronounced than before due to the high similarity of the spleen
with the gut and the jejunum with the blood in this individual. While gut tissues share similar
patterns, the blood tissues do not and tissues that share very little in terms of fragments may
still nonetheless have a mixed lineage structure (for instance with spleen and lung) (Figure 4.9).
However, this result does demonstrate the general nature of clumpiness – the measure can be
used to quantify any relationship within any tree, including phylogenetic trees, to give better
interpretations of the data rather than the raw data the trees provide.
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Figure 4.7: Expected number of additional samples for dierent clone sizes and g propor-
tions. Clone sizes are the number of unique sequences in a clone, ranging from 2 (blue),
10, 20, 30, 40, to 50 (white), with clone size of 20 highlighted in red. Tissues include
(a) colon, (b) ileum, (c) jejunum, (d) mesenteric lymph node, (e) spleen, (f) lung, (g) bone
marrow, and (h) peripheral blood.
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Figure 4.8: Clumpiness of tissues based on the hierarchical spectral clustering of protein
sequence fragments. Values range from a uniform distribution of 0 (blue) to a maximum
clumpiness of 1 (red) with a midpoint of 0.5 (white). (a) Clones with 20 unique sequences
or more. (b) Clones with 50 unique sequences or more.
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Figure 4.9: The clumpiness heat map of lineages. Each tile is the median of all clumpiness
values of that tissue comparison for all clonal lineages.
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Chapter 5: Conclusion
The adaptive immune system is responsible for generating a wide variety of dierent BCR
structures in an attempt to detect as many potential pathogens as possible. A direct result of
this generation of diversity and purication by selection is the formation of three layers that I
call, in this dissertation, germline potential, somatic kinesis, and clone collision.
I have described three major ndings in this dissertation. First, I quantied germline
potential at the receptor sequence level. As a result, I found in Chapter 2 focused peaks of
diversity in both the FRs and the CDRs against a mostly conserved background of positions in
the germline receptor repertoire.
Second, Using the diversities at each residue in the receptor sequence of germline potential,
I was then able to describe in Chapter 3 the link between germline potential and somatic
kinesis: a correlation which I can use to predict the survival following a mutation at dierent
positions in the receptor sequence.
Finally, I developed a suite of tools in Chapter 4 to help describe relationships within and
between repertoires, taking into account the organization of cells into clones at the clone
collision scale. I found that the regions are the best feature for grouping fragments of the
repertoire. I also found that a clone’s fragments will remain in a similar distribution across
dierent samples of the same tissue. This method also gives a valid quantication of comparing
clones of varying similarity. Furthermore, I was able to use this technique to suggest two meta
groups of tissues – the gut (colon, ileum, jejunum, and mesenteric lymph node) and blood
(spleen, lung, bone marrow, and blood).
5.1 Functionality over diversity
The results of this dissertation provide strong evidence that most selection of the B cell reper-
toire is conservative. The focused positional diversity against a background of lower diversity
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in the germline sequences suggests the inuence of negative selection at an evolutionary
scale. At the level of somatic kinesis and clonal collision, we observed that somatic selection
mimics evolutionary selection of the germline. B cells survive mutation more easily in the
positions with high germline diversity. Thus, the same conservative tendencies hold true in
anity maturation. The amino acid diversities we have described can not be dened just by
FRs or CDRs – there are positions of high and low diversity in both. We have shown that a
position that is diverse in the germline repertoire to have more changed amino acids than a
position with a lower diversity in the germline repertoire. This phenomenon is not due to
mutation hotspots in the receptor, as we have provided evidence that this observation is not
completely due to targeting mutations by means of silent mutation. We have also shown that
this conservation from the germline cannot solely be explained by positive selection in CDRs
(or even in FRs) because this correlation was found for both of those regions as well. Taken
together, the data implies a strong inuence from negative selection.
In our present research, we see that not only do mutations from the germline retain their
hydrophobicity, but we also observed similar mutation patterns across dierentially aged
individuals from dierent countries, which again suggests strong constraints on this system
between people. This conclusion coincides with ndings of common selection patterns across
individuals81. The similar mutation patterns are position specic, demonstrating that certain
amino acids are preferred depending on the location in the receptor, which agrees with
ndings on how somatic hypermutation improves anity82. Even in the amino acids that
have changed from the germline, hydrophobicity is reasonably retained. However, we have
observed some inuences of positive selection, but they are most likely the net result of both
strong diversication and purifying processes as previously described83.
Negative selection is most likely acting on the structure of the BCR. Positions that are less
tolerant of mutationmay be due to a costly conformational change that makes the receptor non-
functional and unable to eciently bind to antigens. The germline V genes, when recombined,
are selected for a functional receptor, so V genes with solely detrimental conformations are
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unlikely to be frequently found. If a mutation arose that makes a receptor non-functional,
that B cell would die84,85. We have shown the eects of this selection, which all imply
evolutionary constraints on the receptor. These constraints follow a similar pattern in the
germline repertoires, the somatic repertoires, and across repertoires in dierent individuals.
5.2 Limitations
This research is primarily describing data from sequencing experiments. Therefore, there are
several limitations that need to be addressed. The sample size for the diversity analysis on the
germline potential for some chains, specically IGL, is low. While the rarefaction suggested
adequate sampling, we cannot be certain that more sequences would not change the focused
regions of diversity. Furthermore, IMGT, while containing a large number of germline genes,
misses many alleles that could be identied as mutations. Similarly, due to the small number
of D and J genes, a diversity analysis of the regions after the V gene is missing.
As I only looked at the V gene in the rst two chapters, I was unable to analyze past the V
gene region for mutation survival. Along the lines of mutation, I counted unique mutations
by only counting the same mutation in a clone once. However, our denition of a clone
(sequences with the same V and J genes with 85% similarity of their CDR3) is known to be
suboptimal86. Due to the correlative nature of this analysis, I am unable to present concrete
evidence to the mechanism behind the observation. Finally, the cells sequenced here were
not split (nor characterized at all) by cell type or isotype, so there may be biases for frequent
occurrences.
The cell type and isotype limitations carry over to the tissue clumpiness analysis as well. In
addition, there are thresholds that I chose based on the results of Shu et al. – I used a qgram
size of 3 and protein sequence fragments of length 20. While I believe these are reasonable
thresholds based on the results of Shu et al., there may be dierent results depending on the
numbers chosen75. Using this clustering on the data results in a binary tree where the leaves
are clusters. I can label those clusters based on the fragments contained within them. However,
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many clusters contain fragments from multiple labels – for instance, there may be a cluster
containing fragments from both the spleen and the colon. When calculating clumpiness, I have
two methods: ignore those clusters with multiple labels or count them as having both labels. I
proved the boundaries and quantied properties for the former technique, but I have used
both methods in my analyses in order to capture as much information as possible. However,
the lack of proven and empirical results from the latter method results in a less well dened
conclusion of what those ndings mean.
In the tissue analysis I propose relationships between tissues using the clumpiness measure.
However, there are multiple statements that could be made if the input data was changed. The
way I quantied the data here was to use all clones that contained a certain number of unique
sequences. This ltering removes any statements I could make about the trend of the entire
sampled repertoire. Furthermore, some of these sequences may be artifacts from PCR or
sequencing. In order to lter out any possible noise in the data set, I could only use sequences
that were found in multiple replicates of the same sample. Also, there was no ltering for the
types of clones beyond clone size – relationships could exist between these tissues mainly
because there are many clones that overlap between those tissues. While still an interesting
result, an even more powerful statement could be made about the trends in the repertoire if
those relationships still existed in a data set consisting of clones that are only found within
one tissue – then the high degree of clumpiness must be due to motif trends, not overlap.
5.3 The future of positional diversity
I have shown the positional sequence diversity in all repertoire chains. However, recording
what positions are sensitive to change and which positions can withstand constant mutation
is only the rst step in categorizing the diversity of a receptor. We are currently nding the
actual amino acid changes occurring at each position. Biases in amino acid usage in the FRs
and CDRs would make the sequence space even smaller and reveal new patterns of evolution
in this system.
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Looking at the positional diversity and amino acid usage between important population
repertoires such as age, infection, and autoimmune disease can also greatly increase the
power of this research. Knowing why certain populations are unable to respond to a specic
vaccine due to certain emergent factors in the repertoire can clue the scientic community into
providing dierent antigens in order to maximize ecacy. Furthermore, nding consistent
patterns in the repertoire of individuals responding to dierent pathogens might also assist
in shaping the repertoire to defend against a potential invader. A similar approach may be
used to see how the repertoire of an autoimmune individual might be biased respond to self
antigens. With virtually any additional repertoire, the techniques dened in this dissertation
can assist in categorizing how dierent that new repertoire is from the current knowledge
base.
5.4 The future of regional diversity
The major limitation of looking at positional diversity is the assumption that each position
is independent. While one position may have a high diversity and another position nearby
may have a low diversity, they may in fact be dependent on each other when binding occurs.
In order to expand upon repertoire analyses up to this point, this dissertation includes a
completely dierent way of looking at a repertoire. This new technique has yet to reach
full maturity – for this reason, many additional steps, both mathematical and biological, are
required for this method to reach its full potential as a repertoire analysis tool.
One major component missing is the quantication of behavior of the clumpiness measure
when leaves contain multiple labels. While there is seemingly no dierence in this case, the
behavior should still be quantied. In addition, the clumpiness measure only looks at the
leaves for labels, not intermediate vertices. While we have a solution which involves creates
a leaf vertex out of the intermediate vertex, this behavior is also not yet quantied. Finally,
the clumpiness measure does not, at the moment, take into account the weight of the edges
(such as distances in a phylogenetic tree). The initial formulation of the clumpiness measure
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did include a distance variable, but did not allow for varying numbers of children which is
arguably more important for the way the measure works. There is absolutely a way to include
both variables of distance and number of children, but that has yet to be implemented.
In terms of biological questions arising from this method, there are quite a few dicult
problems in the repertoire eld that could be assisted with this technique. One such question
is how clones behave within dierent tissues – a question that we are currently working on,
some of which has already been presented here. Using the hierarchical clustering of protein
sequence fragments, We can nd the relationship between tissues based on their clones’ motifs.
Furthermore, by nding the clumpiness regions of the hierarchical clustering tree, we can nd
the mutations and dierences between clones that are only recorded within certain tissues –
tissue specic motifs.
This method is not limited to these kinds of repertoires, however. This kind of motif
discovery could be used to nd out what specic mutations can lead to light chain amyloidosis,
as specic structural conformations of the light chain can lead to themass clumping of insoluble
bers. Preliminary evidence already suggests that such a tool is benecial in this eld.
5.5 Brave newworld
This dissertation proposes a change to the commonly asked question “how diverse is the B cell
receptor repertoire?” Based o of the evidence provided here – the quantication of germline
repertoire diversity, the linking of germline diversity to somatic behavior, and the additional
relationships found using the clumpiness of protein sequence fragments – I propose a new
question: “how can we use the evolutionary constraints of the B cell receptor to understand
somatic diversication and selection in the adaptive immune response?” Researchers are at
the beginning of a new stage of repertoire research with the advent of new high throughput
sequence technologies and the tools proposed in this dissertation pave the way for a new way
of looking at the B cell population.
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5.6 Tools
Many tools used in this dissertation are available as open source software:
Diversity https://github.com/DrexelSystemsImmunologyLab/diversity
Clumpiness Library https://github.com/DrexelSystemsImmunologyLab/clumpiness
Clumpiness Program https://github.com/DrexelSystemsImmunologyLab/find-clumpiness
The latest versions of these codebases and more bioinformatics tools are available at
https://github.com/GregorySchwartz.
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